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Abstract

Th e w onodicdl toieststare vulnerable, facing threats of deforestation and
anthropogenic disturbances, but they are also the site of enormous potential fagréovdst
While these changes in tropical forest frontiers are widely agreed to have major implications for
global carbon fluxes and biodiversity, it is difficult to quantify their impact using traditional
optical and radar remote sensing. As a result, there & saentific uncertainty about the scale
and trajectory of tropical forest loss and gain, fomdst degradation is rarely incorporated into
international conservation commitments or land use change reporting.

The Global Ecosystem Dynamics Investigation (GEDI), a spaceborne lidar sensor, offers
the opportunity to measure forest structure and carbon stocks at global scale, and is sensitive
enough to capture subtle forest variation even under dense tropicalesartb@ivever, it is
computationallychallenging to use GEDI directly to measure change, because of the
instrument s sparse sampling patterimliongeol oca
of measurements comprising hundreds of terabytes of atav ihdeed, early publications raised
explicit doubts that GEDI would be suitable for studying forest disturbance.

In this PhD, | develop advanced computatideahniques to overcome the limitations of
GEDI and make use of these techniques to answer ecological questions abopathef
regrowth and disturbance iropical forests. In doing so, | argue ti&EDI can be used to
monitor tropical forest changdssometimes, in unexpected ways that exceed the limitations
assumed by prior research. This finding has important implications for our scientific
understanding of carbon fluxes and biodiversitpactsin distutbed tropical forestgpr research
priorities indistributed geospatial computing support future spaceborne lidar missja@rsl for

international policy goals.
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1 Introduction

The global forest carbon sink, 70% of which lies in tropical forests, has negated about
half of human fossil fuel emissions from 192019 and remained relatively stable over those
three decadedan et al., 2024However, this net stability conceals dramatic changes taking
place driven by countervailing forces of humarduced forest disturbance and regrowth. On the
one side, tropical forest regrowiticreasegorest area and has vast potential to counter future
emissiongBongers et al., 2015; Codkatton et al., 2020; Heinrich et al., 202@) the other,
deforestation and intensifying disturbances have been steadily decreasing the carbon sink in
intact tropical fores(Baccini et al., 2017; Gatti et al., 2021; Pan et al., 2024 only do these
trends affect the future balance of global carbon, but they also have major implications for
biodiversity(Barlow et al., 2016; Gibson et al., 2011; Laurance et al., 2042) tropical forests
home to more than two t(Raven ddl)of the worl dds o

Quantifyingi and incentivizing human activity to foster recovery and reduce
deforestation and degradation in tropical forests is thus of utmost importance for making
progress towards goals of net zero carbon emissions and biodiversity consérfiattom t ner et
2 0 2 However, it is difficult to measure the changes occurring at frontiers of forest disturbance
and regrowth because they are highly dynamic, notmeplesented in field data sets skewed
towards undisturbed forest, and difficult to parse in optical gatathagery. Large uncertainties
and discrepancies remain about forest recovery rates and disturbance carbqR éasses et
al., 2017) These measurement difficulties, in turn, lead to ineffective regulation at the national
level and difficulty accurately accounting or even including these changes in international policy
agreementfNeeff et al., 2024; Pillay et al., 2024)

The Global Ecosystem Dynamics Investigation (GEDI), a new spaceborne lidar sensor,
offers the opportunity to measure forest canopy structure, biomass, and carbon stock at global
scale(Dubayah et al., 2022alowever, measuringchangewith GEDIT key to understanding
forest loss and growthis not practicabléor researchergsingexisting geospatial data systems.

GEDI is not weltsuited to change measurement because it is only available since 2019, takes
sparse point sampl es r da@dwhaelrl 6t hcaonv ehraavgi en,g acnodm phla
regularity to its measurements for any specific point on Earth. Itsurezaents have

geolocation erroand do not align well with those produced by exisbptjcal and radar
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satellitesand geostatistical techniques to overcome thase fusionssues can be
computationally prohibitive at scaléet,i at scal edo i s precisely wher
place, becaus8EDI produces billions of measurements every year, publishiedraseds of
terabyteof tabular, spatially disorganized daGollectively, thesgroblems demand novel
computational solutions.

This PhDdevelops opeisource computational techniques to overcome the limitations of
GEDI and makes use of these techniques to answer ecological andrpl@i@nt questions
about disturbance and recovery in tropical forests. In doing so, | argueEbdtcan be used to
monitor tropical forest changd sometimes, in unexpected ways that exceed the limitations
assumed by prior research. This finding has important implications for our scientific
understanding of carbon fluxes and biodiversity in disturbed trofacedts, for research
priorities in geospatial computing to support future spaceborne lidar missions, and for

international policy goals.

1.1 Summary

This interdisciplinary thesis is organized as follo®@hapter 2 establishes a shared
background for readers from computer and plant sciences and highlights the gaps in prior work
in both fields that this thesis addresses. First, | give an overview of the history of remote sensing
of tropical forest ecosystem structamed carbon stocks, including the relevant policy landscape
and an introduction to the GEDI sensor. Second, | highlight the major developments and
limitations in remote measurement of forest regrowth and disturbance and lay out a critique of
current methosl Third, | describe the advances in data systems that enable remote sensing
advances and explain properties of the GEDI sensor that have exposed limitations in-tife state
the-art. InChapter 3, | describe the GEDI Toolbox, an opsource software package that
enables the largecale geospatial data analyses on which later chapter€helpter 4
demonstrates the use of the GEDI Toolbox, combined with optically derived maps of forest
change, to assess regrowth rates in ecologically relevant areas of the Amazon over the last two
decadesChapter 5 proposes a novel method for quantifying the impacts of forest disturbance
on forest structure and carbon stocks using a large sample afaweeident GEDI footprints,
also relying on the GEDI Toolbox. It rigorously demonstrates that, despite condseaksimna
prior work, GEDI can be used to measure populaieel changes caused by forest disturbance.

Chapter 6 applies this method across the tropics to generate estimates of gross carbon losses
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from forest disturbance, as well as assessing the changes in forest structural complexity that
accompany different drivers of disturbanG#apter 7 concludes by placing this dissertation
into a broader context, including its implications for international policy, spased forest

remote sensing, and distributed geospatial computing.

1.2 Publications

To facilitate publication of the thesis, Chaptet8 were written as manuscripts for peer
reviewed publication. These chapters use the
contributions of all authors described at the end of each chapter. At the soienuksion,

Chapters 4 and 5 have been published, while Chapter 6 is in preparation:

Holcomb, A., Mathis, S.V., Coomes, D.A., Keshav, S., 2023. Computational tools for assessing
forest recovery with GEDI shots and forest change maps. Science of Remote Sensing 8,
100106 https://doi.org/10.1016/].srs.2023.100106

Holcomb, A., Burns, P., Keshav, S., Coomes, D.A., 2024. Repeat GEDI footprints measure the

effects of tropical forest disturbances. Remote Sensing of Environment 308, 114174.
https://doi.org/10.1016/j.rse.2024.114174
Holcomb, A., Bourgoin, C., Heinrich, V., Coomes, D.A., Keshavinreparation A

pantropical assessment of the impacts of forest degradation.

Chapters 2 and 7 are partly embedded within or drawn from collaborative work:

Allison, H., Kapos, V.Holcomb, A,,2023.A A di scussion paper on the
degradati on p FAOReporeld.13fl40/rg.2.E. A @61.561%69

Heinrich, V., Holcomb, A.," Besnard, S., Wheeler, C., Bourgoin, C., Requena Suarez, D.,
CookPatton, S., Chazdon, R., Gibbs, D., Souza Mendes, F., McNicol, I., Silva Junior, C.,

Aragao, L., Herold, MSubmitted A multi-data synthesis of carbon losses and gains

from tropical moist forest degradation and regeneration

Y am the aut Memsof edeati amd4 mefi hodol ogies for monitori

* Joint first authors

(


https://doi.org/10.1016/j.srs.2023.100106
https://doi.org/10.1016/j.rse.2024.114174
http://dx.doi.org/10.13140/RG.2.2.21961.56169
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Ferris, P., Dales, M., Jaffer, $lplcomb, A., Scott, E.T., Swinfield, T., Eyres, A., Balmford, A.,
Coomes, D., Keshav, S., Madhavapeddy, A., 2024. Planetary computing fdridata
environmental policymaking.Arxiv[CS]. arxiv.org/abs/2303.04501

Finally, over the course of my PhD, | have had the opportunity to pursue other peer
reviewed publications broadly within the scope of computer science and forest measurement,

though this research is not directly incorporated into the thesis:

Wheeler, C., Begliomini, FHolcomb, A., Keshav, S., Madhavapeddy, A., Coomes/iD.,
review The path to robust evaluation of carbon credits generated by forest restoration and
REDD+ projects.

Feng, Z., Xie, M.Holcomb, A., and Keshav, S., 2024. An app for tree trunk diameter estimation
from coarse optical depth magcological Informatic$82(10):102774.
10.1016/j.ecoinf.2024.102774

Ghasemitaheri, SHolcomb, A., Golab, L., and Keshav, S. On the Data Quality of Remotely
Sensed Forest MapBroc. VLDB Workshop®pril 2023.https://cewws.org/Vot
3462/QDB3.pdf

Holcomb, A.,Tong, L., Keshav, S., 2023. Robust Sintsteage Tree Diameter Estimation with
Mobile PhonesRemote Sensirnp, 772.10.3390/rs15030772



https://arxiv.org/abs/2303.04501
https://doi.org/10.1016/j.ecoinf.2024.102774
https://ceur-ws.org/Vol-3462/QDB3.pdf
https://ceur-ws.org/Vol-3462/QDB3.pdf
https://doi.org/10.3390/rs15030772
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2 Background

Deforestation or the neacomplete loss of forest cover, has long been possible to detect
and measure from satellite imagery and field sur¢Byaun and Siegl, 1990Its impacts are
incorporated into longstanding international policy frameworks, including prominently the global
Forest Resources Assessment (FRA) under the UN Food and Agriculture Organization (FAO)
and early iterations of the Reducing Emissions frorfofstation in Developing countries
(REDD) program under the United Nations Framework Convention on Climate Change
(UNFCCC). More recently, international attention has also turndddoadation(also called
disturbancg?, loosely defined by persistent losses in forest structure, carbon stock, or function in
areas that nevertheless remain forested. Disturbances may be linked to anthropogenic drivers
(selective | ogging, fuelwood rcaolldeanedn( wibmudtnl
wildfires, drought, etc.). Over large regions, disturbance can have a greater impact than
deforestation in terms of both carbon and biodiversity lo&adow et al., 2016; Qin et al.,

2021) but it is much more difficult than deforestation to detect and me&Sareet al., 2020;
Pearson et al., 2017Following both degradation and deforestation is the potentia¢wowth

with the trajectory of recovery governed by local environmental conditions, subsequent land use
and disturbance regime, and the cause and intensity of the original loss, among other factors
(Cook-Patton et al., 2020; Poorter et al., 20ZIppical secondafyforests have been estimated

to counterbalanc@5% of emissions frontropical deforestatior{Pan et al., 2024pand they have
thepotential to helgounteracglobal climate change, with a carbon sequestration rate up to 20
times that found in old growth tropical fore¢Bongers et al., 2015The impacts of eégradation

and regrowth areften underestimated or missing from national repoitBangers et al., 2015;

Goetz et al., 2015put with recent international policy goals to halt deforestation, reforest large

portions of the worldds | and, and shift pract

2There are ongoing efforts to formalize a definition of degradation. Throughout the text | prefer the term

Adi sturbanced, especial l y), mtherthantoedérrm forest state, ahdovhemthe e vent (
cause of the event is wunclear. I'n the scientifofc | iter
specifically anthropogenicoriginand fAdi st ur bance, 0 beudifficult fo disepanglexandmat e cau
humans are often implicated even if indire¢thquino etal., 2022) I n a policy context, fdeg
almost exclusively; for this reason, | do sometimes use the term, especially when speaking to that audience.

3 Regrowing forest following deforestation specifically referred tosecondaryforesti in contrast to old growth, or
primary forests.
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disturbance activitie€Convention on Biological Diversity, 202EUDR, 2023) better
monitoring capabilities are needed.

2.1 Remote sensing of forest biomass, carbon stock, and structure

Forest carbon is directly relateddimmass or the total dry mass of plant material
contained in the forest; tropical tree carbon stocks are estimated at 0.47 times their biomass
(Martin and Thomas, 2011Aboveground biomass itself is not measured directly in forest
inventory plots but estimated from more easily measurable variables related to stemivolume
tree height and trunk diametiewhich are then related by pspecies or pebbiomeallometric
equationgo biomass. Allometric equations are typically calibrated on biomass measurements
taken from destructively sampled (cut) trees. Due to the high cost and ecosystem impact of
collecting these samples, merchantable timber species and young treesdbtend to
overrepresented in calibration, while old trees and protected species are underrepihsekeed
et al., 2022)

Morerecently, terrestrial and airborne laser scanning (TLS/ALS) have improved our
ability to measure biomass by offering a fuller picture of aboveground tree volume, including
individual branches and leaf ar@isney, 2019; Longo et al., 201&yombined with estimates
of wood density, these lidar tools can provide accurate biomass estimates without destructive
sampling(Disney et al., 2018Moreover, they can cover ground more quickly than field
measurement teams: ALS can cover regions of ~2GGakilayfrom a midaltitude (~2km)
plane, and lighter scanning equipment can now be mounted on drones. That said, the cost of ALS
and TLS is still often prohibitive, and substantial technical expertise and postprocessing time is
required to collect and interprietrest scangWilkes et al., 2017)As a result, the distribution of
ALS and TLS datasets is highly unequal across countries; the Brazilian Amazon has much more
data than other tropical regions, for exam(pleinrich and Holcomb et al) prep.Duncanson et
al., 2022) Despite these limitations, manual, TLS, and/or ALS biomass measurement ultimately
form the basis of all spadssed biomass estimates because they are the sole source of high
guality calibration data.

Not all components of forest biomass can be readily observed using these methods. For
example, the belosground biomass held in roots is rarely measured directly, but rather is
estimated as a fraction of the biomass abovegr@d@edman et al., 2003y here is also biomass

and carbon held in netnee vegetation, standing dead trees, leaf litter, and soil, all of which
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should be accounted when assessing the entire tzidsin pool(Penman et al., 2003ylost
research that does not focus on total carbon pools but rather otteshodhanges in carbon
stock due to tree loss and young tree growth makes use of the Aboveground Biomass Density
(AGBD) metric. AGBD refers to the density of aboveground {raot, soil, or leaf litter)
biomass held in trees (diameter-1® cm) over a plot of forest, measured in Mg/ha. For
reference, tropical ABGD values are often well over 300 Mg/ha; these are some of the most
biomassdense forests in the world.

In addition to biomass, there are several other important metrics used to characterize
forest ecology, density, and heal@anopy heightefers to the (typically 98percentile) height
of the canopy over a small plot area; fforest
over 5 m(FAO, 2001) Tropical forests of Borneo reach over 90 m, and some individual trees in
the Amazon have been recorded at nearly that h@Bgrgens et al., 2019; Jackson et al., 2024)
Plant areaindex(PAl) is, loosely speaking, a measure of forest density; it is defined as the
surface area of plant matter{nper unit of ground area @n Related values includgant area
density an extension of PAI to three dimensions, ksad area indexwhich includes only
photosynthetically active area (i.e. leaves). These indicators are linked to numerous ecological
characteristics of a forest, because leaf and plant surfaces are the sites of radiation absorption and
gas exchange; their inverse alsdides thecanopy gaps through which light and water can
penetrat€Vincent et al., 2017)Finally, structural complexitgeeks to capture the three
dimensional distribution of plants withgpacgCoverdale and Davies, 2028)is linked to
biodiversity of both plant and animal species because it is a marker of heterogeneous
environments that can support a diversity of ecological nigbegerdale and Davies, 2023;
Hakkenberg et al., 2023; MacArthur and MacArthur, 1961)

Broadly speaking, there are two major types of spaceborne instruments used to estimate
biomass and other forest characteristics from speatal€2-1). The older of the two is the
passive opticasatellite, powerful cameras that collect images of the earth by measuring reflected
sunlight with wavelength bands within a given spectral range. The presence and density of
vegetation is estimated from these measurements usgetationndex a metric that exploits
properties of the reflectance of photosynthesizing cells to quantify vegetation (or, more
intuitively, an index of the Agreennesso of a

infrared range are not powerful enougtiuel photosynthesis, leaves do not contain pigments to
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absorb light at this wavelength. These bands can then be used to normalize the optical signal
from photosynthetically active wavelengths, correcting for atmospheric effects, solar angle, and
other distortiongZeng et al., 2022Perhaps the most populaggetation indexs the

Normalized Difference Vegetation Index (NDVI), which often correlates well with biomass,
plant area index, and canopy hei@péttorelli et al., 2005However, the NDVI saturates at low
biomass; even adjusted versions such as the Enhanced VegetatiofHuelexet al., 20029re
substantially affected by seasonal changes in leaf greefireess and Dubayah, 201@hd are
vulnerable taspectral confusioim which the greenness of dense early successional vegetation
can resemble much older for¢Sarreiras et al., 2017; Nunes et al., 20209re fundamentally,
passive optical sensors do not penetrate a dense forest canopy and so cannot measure height or
forest structure and plant area dire¢gyeng and Moskal, 2009)

The second type of instrument usesive sensingmeaning that it emits electromagnetic
waves and measures their return signal from
subdivided according to the electromagnetic radiation they emit. Synthetic Aperture Radar
(SAR) uses radio waves with walengths in the centimeter range. The wavelength of the
emitted radiation determines the extent of its penetration through surface objects, with existing
SAR instruments used for forest biomass estimati@natmg in the ¢band and tband
wavelengths and upcoming missions in tHeaRd to offer greater canopy penetraijba Toan
et al., 2024)C-band interacts with only the upper portion of the canopy in dense forests and so is
not suitable for estimating biomass algheet al., 2020) while L-band radar can be used to
provide highresolution (10 m annual) biomass estimates inthdomass forests but saturates at
biomass densities above 150 Mg(MxNicol et al., 2018)Radio waves in the-band frequency
also effectively measure the moisture content in vegetation, meaning that they can be affected by

drought conditions as well as diurnal cycles in water uptake.
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Table2-1: Selected earth observation instruments used for forest measurerdentcby start of data collection
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Another active sensing satellite, ICESat, uses lidar: light waves with wavelengths in the
nanometer range. As the name suggests, ICESat was designed to measure snow and ice. The
green 532 nm photons that the current ICESatission emits are absorbed by forest canopy
(Silva et al., 2021)so it is of limited use for measuring forest biomass or disturbance. The first
ICESat mission, which ended in 2009, also included an infrared (1064 nm) pulse, but it collected
relatively sparse observatio(3ubayah et al., 2020Nonetheless, seminal watl-wall maps for
tropical forest biomass were developed based on the ICESat lidar sensor (GLAS) and MODIS
passive optical imagerBaccini et al., 2012; Saatchi et al., 201dpfortunately, these maps are
at relatively coarse resolution (500 m and 1 km, respectively), are difficult to reliably update past
the end of the ICES4dt mission, and have significant inconsisten¢Mgchard et al., 2013)

they are no longer considered the best available biomass maps in these regions.

2.1.1 Nextgeneration global biomass data: GEDI and modern wadtwall maps

In 2018 the North American Space Agency (NASA) launched the Global Ecosystem
Dynamics Investigation (GEDI), a lidar altimeter mounted on the International Space Station
(ISS), to survey vegetation structure and biomass at a globalBcdilayah et al., 2020 The
GEDI sensor uses a 1064 nm wavelength specifically designed to penetrate dense forest
canopies, with low peaks in the return waveform capturing the ground elevation and higher
peaks representing the interior vegetation and canopy. In addition foydagight, PAI, and
other metrics derived from the waveform using first principles, the GEDI team also produces two
modeled outputs: biomass and structural complexity. These two variables are estimated using
linear and nofinear models parameterized bytivaveform that were calibrated on a large
database of coincident field, ALS, and simulated GEDI data.

GEDI has already transformed the stat¢he-art in global biomass mapping. One of the
core mission outputsisawat-kwal | map of biomass at 1 km reso
coverage range between £51.6° latit(idabayah et al., 2023bThis map uses hybrid inference
to propagate sensor and model uncertainty, producing a biomass and uncertainty estimate for
every 1 km grid cell that contains at least two independent orbits of the GEDI geaiserson
et al., 2019)It uses all the available GEDI data from 22A(®3 to achieve this coverage and
thus provides a fAisnapshoto of forest biomass
Comparison against National Forest Inventories (NFIs) have found that despite some

inconsistencies in areas where GEDI has limited calibration data, the-l6aiSBdl biomass map
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often performs better than NFI dgBullock et al., 2023)At the same time, the European Space
Agencyods Cli mat e <LOGlphagused GEDI data @ tefing and dalibratéits

own biomass product at 100 m resolution, which makes usébah@ and tband SAR and

explicitly adjusts for variation in aand vegetation moisture contéBantoro and Cartus, 2024)
Some researchefind that this map tends to underestimate biomass in dense tropical forests and
overestimate lowbiomass regions, and have used local data to recalibrate the existing map in
specific area¢Csillik et al., 2022) Initially, the ESACCI biomass mapas only released for

2010, 2017, and 2018 and comparisons between years were discd®agedo and Cartus,

2021) but substantial efforts from the ESA team have extended its temporal coverage to include
each year from 2018021, and in 2024 an explicit change product was released at 1 km
resolution(Santoro and Cartus, 202&jnally, there are harmonization efforts between the ESA
cCCl, GEDI, and I CESat teams to produce a cons
coveragdSilva et al., 2021)A joint effort rigorously evaluated these biomass maps against

NFIs and found that they are of sufficient quality to recommend for incorporation into the
UNFCCC global stocktak@Hunka et al., 2023)

There are also several private initiatives to develop annual global biomass maps usable
for change measurement, driven by high capital investments in the voluntary carbon market.
Companies such as Planet claim to have produced annual biomass maps as $icedes 3 m
resolution by training Al models on ultfagh resolution optical imagery and lidar (ALS and
GEDI) data(Planet Labs, 2025 hese maps are not publicly available nor peer reviewed, so it is
difficult to assess the accuracy of these claims. However, the 3 m resolution advertised should
raise concerns given that AGBD cannot be measured at this resolution in ti{Bdietdnson et
al., 2025)

As described in this section, the current state of global biomass mapping has advanced
greatly but still leaves us without an accurate, friggolution (< 1 km), publicly available,
annual biomass map that would be suitable for measuring small changémeverdense
tropical forests. Moreover, data to measure changes in structural properties of forests, beyond
their height and carbon content, is largely unavailable. We turn now to approaches for detecting

and quantifying forest change in the face okthkmitations.
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2.2 Detecting and quantifying forest changes including regrowth and disturbance

Ideally, one can simultaneously detect and measure forest changes by estimating net
biomass difference from year to year, either from a statistically representative sample of
repeatedly measured plots (repeat census) or at each pixel location it@awadlllmap. This is
known as atock changepproach, and it is the gold standard of NFI data and has been used
successfully with tband SAR inlowb i omass woodl ands below the
(McNicol et al., 2018)However, as described above, satellite data cannot yet support this
method in higkbiomass dense tropical forests; nor do many countries maintahuhadity
repeat census field plot networks. Moreover, NFI sample design and field protocols tend to
systmatically underestimate the impacts of degradation and young forest regeneration even
when they do include repeat measuremghltisends et al., 2021; Wheeler et al., 2021)is is
because plots randomly sampled across a region are likely to miss sparse and spatially
heterogeneous disturbance patterns; marking trees for remeasurement may inadvertently affect
human behavior in those areas; and NFI protocols often omit tileygeung trees under a
certain diameter or highly degraded and recently deforested ré@ioasa, 2015; Wheeler et
al., 2021) There have been some attempts to perform remotely sensedistogje estimates
using lowresolution annual biomass maps (up to 625 gixels) combined with high resolution
information about the location of forest chan{faccini et al., 2017; Qin et al., 2021)
However, serious concerns have been raised about compounding uncertainties under this
approach, particularly for the attribution of disturbanelated lossefHansen et al., 2019)
Where a stoclkchange assessment is not feasible, it is recommended to insteaghirsioas
approach, in which the total area of loss and growth activity are estimated separately, and
emissions and removals factorsspectivelyare applied based on the area and type of activity

observedPenman et al., 2003)

2.2.1 Detecting change: activity data

Deforestation activity has long been visible from satellite optical img@eaun and
Siegl, 1990)with the Global Forest Watch dataset frei@nsen et al (2013)ow a standard
choice for a global 30 m resolution classification of forested;famested, deforested, and
reforested areas. However, the Hansen dataset is designed to identdgmepéate tree cover
loss, detecting only around 20% of lemiensity dsturbance as measured by ground surveys and

radar remote sensir{@hrends et al., 2021; McNicol et al., 2018)ore recent advances in
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remote sensing and data processing map forest disturbances at fine spatiotemporal resolution
SAR datahas the advantage of penetrating clouds and thereby allowing continual disturbance
monitoring even in areas with sepgrmanent cloud cover; this has proven to be a crucial
innovation in the wet tropioghere canopy gaps following selective logging and other activities
may close within week@ullock et al., 2022)Sentinell C-band SARhas been particularly
transformative, becauseis openly available, high resolution (10 m), and frequently remeasured
(6 - 12 day return rategAquino et al., 2022; Bouvet et al., 2018; Reiche et al., 201 welt
established RADD producises Sentinel to offer neafreal time disturbance detection
tropical forestgReiche et al., 20215and Sentinel products can be combined with optical
sensors to improve timeliness of disturbance dete@@atock et al., 2022; Reiche et al., 2024)
The Joint Research Commission of the European Union have made use of the full Landsat
catalogue to devel op-TMF mahascassifychangesnntropegd s ( A J
moist forests annually from 1990 onwdkthncutsem et al., 2021)nlike the Hansen data, the
JRGTMF maps candetedti st ur bances as small as fAdAthe open
r o auhlike the RADD product, the JROMF maps do not stop tracking a pixel after it is
initially disturbed or deforested but rather continue to follow it through a progression to eventual
deforestation, land use conversion, or recovery.

However, the impact of these detected chaiigeserms of intensity, carbon stock gain
and loss, or forest structural change, is not-gedntified(Coutifio et al., 2022; Gao et al.,
2020) Indeed, the validation of the RADD and JR®IF maps relies on visual interpretation of
high-resolution imagery, not field campaigns or active sensing instruments that could directly
measure changes in forest structure or biomass. As a result, ex¢eptase of full
deforestation, remotely sensed activity data are poorly linked-tbesground impact.

2.2.2 Quantifying change: emissions and removals factors

To quantify forest loss and gain, changes must be measured relative to a bBlsislioan either
be dongemporally by measuring a forest in a single location at multiple time points, or
spatially, by comparing forests in different locations that represent different forest ffaga®
2-1). Tropical forest recovery is a long process, veicondary forestaiking at least 580 years
to approach the biomass and structure of an old growth rain{B@stter et al., 2021and
considerably longer to recover its seed bank and floristic compog@grearley et al., 2004;

Martin et al., 2013)There are few largscale field studies that can follow succession with
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repeated measurements over this timestédst instead usspacefor-time substitutioffSFT,

also known as ehronosequengemeasuring many different forests at different ages and
modelling biomass, height, or structure as a function of forest age to understand the recovery
trajectory(Pickett, 1989)For examplePoorter et al (2018)se this technique to study forest
recovery in 45 sites (~1500 plots) across a range of environmental gradients in the neotropics,
assessing to what extent forest recovery rates are driven by site conditions including water
deficit, soil health, and pridand use. Other studies assume linear biomass accumulation over
the first 20 years of growtfCook-Patton et al., 2020Established regional recovery rate

estimates published by the IPCC (Tier 1 removals factors) are mainly drawn from
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Figure2-1: To measure change using a temporal baseline, a single plot is measure
multiple points in time (7, T, Ts); change is measured as the difference between or
time point and another. To measure change using a spatial baseline, multiple plots
and C) are al/l measured at the same ¢
between one plot and aher. For a spatial baseline, additional knowledge is require
identify other plot locations that are likely to be representative of theqrlater state ¢
the plot of interest.
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chronosequenebased field studie@alde et al., 2006; Domke et al., 2019; Requena Suarez et
al., 2019)

High-quality repeat field data before and after degradation is also rare, partly because
expensive field plots are unlikely to be set up in areas where loss is imminent. Early longitudinal
field studies outside of plantations focused on forest eidgesa neighboring deforestation that
were not themselves deforesiefinding that these forests experienced ongoing biomass losses
that are a significant source of greenhouse gas emissions beyond the defpresdtation event
(Laurance et al., 199.7More recently, repeat ALS surveys have been designed to capture
degraded landscapes, but these are largely limited taidatareas of the Brazilian Amazon and
Sabah, MalaysiéCsillik et al., 2024; Jackson et al., 2024; Longo et al., 2@#)er field studies
use spatial approaches, measuring degraded areas and comparing them to rgeohstiold
forest(Brearley et al., 2004; Rappaport et al., 20H8)wever, degradation has generally proved
difficult to capture in field plotsand seminagjlobal estimates of emissions from degradation
studied only types of degradation that could be understood indirectly from other datasets, such as
published figures ototal legal timber productiofHarris et al., 2021; Pearson et al., 2017)

Recent advances in earth observation have expanded our understanding of regeneration
and degradation outside of limited field si{de Almeida et al., 2024; Gao et al., 2028}
overcome some of the limitations of NFIs and permanent sample plots for measuring disturbed
and regrowing forest@ullock et al., 2023)While appropriate sensors for biomass measurement
only cover short recent periods, the availability of increasingly precisetémngactivity data
combined with even a single year of higisolution biomass data havena powerful tool.

Silva Junior et al (2020Q)se the full Landsat archive (33 years) to estimate secondary forest age
at the pixel level across Brazileinrich et al (2021)lemonstrate that, using this data, spatial
approaches from the field such as SFT can then be used to estimate regrowth rates across large
regions. Heinrich et al use purely remotely sensed data to achieve this, including twgesingle
biomass maps froran early version of the ESBCI biomass product.

Degradation losses can also be estimated from earth observation activity anglesingle
high-resolution biomass data using spatial baselines. Popular approaches compare the carbon
stocks in degraded areas to that of nearby undisturbed f(Bestgoin et al., 2024; Zhu et al.,

2023) or else estimate degradation loss as the intercept of afgpditee recovery model
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(Heinrich et al., 2023; Rappaport et al., 20E)wever, spatial baselines are flawed, especially
for the estimation of degradation losses, as | argue next.

2.2.3 Flaws of spatialmethods for estimating change

Spatial methods for estimating change rely on shaky assumptions. Prior work has raised
concerns about the widespread use of SFT for modeling regrowth traje(@amegaard, 2019)

SFT assumes that the sample composition is similar across forests of different ages, which is
violated if there are differences between forests that begin their recovery in different years. For
example, a large drought event in a single year or the mgpigation of a policy that abruptly
changes the dominant prior land use for new recovering forests would impact the SFT data and
model. In the case of regrowth as opposed to degradation, these effects are not so prominent:
such large events are easy tmiify; and forest biomads mainly driven by age in young

forests if there is no further humarduced disturbance, all forests are of the same type and
region, and the initial biomass of all studied forests is-nesy following deforestation

(Heinrich et al., 2021; Poorter et al., 20ZIhese factors can be reasonably well controlled for
using existing remote sensing data.

However, in the case of disturbance and degradation, these assumptions deserve serious
scrutiny.Postdisturbance biomass is not zero and instead vaiaEdy. The intercept of an SFT
recovery model is influenced by forest biomass througti@éntire recovery trajectory and
using it to represent disturbance losses can be misleatldaed not, for example, represent the
mean or median biomass of forests immediately-gestirbanceMore critically, while
deforestation results in neaero biomass toggust as it did 30 yeai®gq the patterns and
severity of disturbancie and thus the expected starting biomass and recovery trajectory of
degraded forestshavechangedjuite dramatically over timd-orest fires and droughts have
grown more intense because of huarasiuced climate chamrgCorlett, 2016) Reducedmpact
logging practices, policies, and compliance rates have varied ovefRAe 2004; Pokorny et
al., 2005) Sensors themselves have changed, with small disturbances moréleasiiigdin
recentLandsat imagery than the early missions of the 19@@scutsem et al., 2021)

Measur ement s forestdsturbed iodagresimplygnet eepresentative of the state
of aforest immediately after an initial disturbarbetected0 years ago.

Eventhe common practice of estimating lossdoynparing disturbed forest to nearby

undisturbed forest can be misleadibgcausetiascribes all differences to the disturbance event
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rather than to differences between the types of forest that experience disturbance and those that
do not. For example, one promingrintropicaktudy quantified the impacts of edge formation,
finding that fAforests within the first 120 m
[canopyheight] compared with intact foredtem the first year after edge creatigiBourgoin et

al., 2024) However,our analysis othe data used in the studigowsthat most of tis difference

was already present farests inthe yeardeforetheybecame an edg&he original study

examined the relationship between time since edge formation and forest height by looking at
recently formed edges: forests measured by GEBD §ears after edge formation. They used

interior forest height as a baseline and noted thert evany years after edge formation, the

forest never recovered to the interior forest heigherformed a similar analysis using the same

dat a otobeesdgers: 06 forests that wer g@ronteasured by
becoming an edge. | found similar results: up to 4 years before becoming an edge, forests did not
approach the baseline forest heidkigre2-2). Additionally, in the plot of years since edge

formation from-3 to 30, the year zero (in which the forest became an edge) did not appear to
correspond to a significant height change relative to other yieigiaé2-2).

a
Impacts of forest edge on RH98
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Figure2-2: Adapted figure from Bourgoin et al (2024), showing the relationship between time since edge creation
and forest height relative to an interior forest baseline (black line). The data for y&€ais ftom the original paper.

The data for years 0 t8 isadded in this analysis. The year zero, marked with a red circle, represents forests that
became an edge in the same year that the GEDI measurement was taken. Negative numbers indicate that the GEDI
measurement was taken before the year of edge formation.
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This is not to sayhatthe pre-existingdifferences between disturbed and undisturbed
forest shoulde ignored. They likelyartially reflect longterm processes attributable to prior
events thatverenot capturedoy satellite imageryHowever, currentnethods cannot disentangle
spatial differences (e.g. caused by increased prevalence of degradatiofbiarttags forests)
from temporal cause and effect.

Philosophically, the measurement of change using spatial baselines instead of temporal
ones also affects our definition of degradation, in a way that misaligns it with policy goals
(Thompsonetal.,2013) Under a spati al baseline, a forest
than an otherwise similar undisturbed forest. However, policy makes an important distinction
between sustainable and unsustainable forest cl{afigen et al., 2023; Neeff et al., 2024)

While some types of human activity result in letegm declines in forest health and resilience,

other practices have been ongoing for thousands of years or are designed to conserve the forest
while extracting necessary resour¢@stz et al., 2008; Sandbrook et al., 202T)e inability of

current remote sensing methods to distinguish the two runs the risk of penalizing local
communities and disincentivizing sustainable forest management practices. There is an urgent
need for the remote sensing community to develop teghsithat are suitable for repeat

measurements and temporal baselines.

2.3 Data systems for large remote sensing datasets

As the volume and complexity of remote sensing data has grown, so too have the tools
and data processing capacity to handle it. Remote sensing data, which can be terabytes to
petabytes in scale, requires big data analytics. At the same timegeesatial data data
points associated with a geolocation, such dsrayifude, latitudg coordinatd it requires
specialized algorithms and indexing functions that are frequently not supported by standard big
data tools (Li et al 2016).
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Figure2-3: Vector data is a tabular format used to represent shapes and points, while raster data represent
pixels.

Remotely sensed data is generally best expressed in one of two formatscts @
raster (Figure2-3). Vector data is used to represent shapes, such as points, lines and polygons,
that are sparsely distributed across space; it uses a tabular (columnar) format. Raster data is used
to represent gridded pixel data that is dense across space; it useslianensional array
(image) format. Common geospatial operations on vector datasets, such as computing distance,
intersection, and clusters, are inefficient withospatial indexa search tree designed for spatial
data types. Spatial databases commonly useta@eRGuttman, 1984dr variants thereof
because classical database indices are not suitable for data that careesnea
multidimensional space. Spatial indices enable traditional SQL operations such as joins on
spatial conditions.

In addition to the functional requirements of scalability and geospatial support, data
systems for scientific remote sensing analysis face significant adoption barriers if they are not
free to access and if they do not enable reproducible sdi@ocees et al., 2020The academic
research user base often does not have the resources to pay industry prices for cloud resources.
BigQuery, MongoDB, and other top systems in geospatial computing used by highly profitable
companies such as Google, Amazon, and Uber, ard cesich. Moreover, the scientific
community operates with a high degree of ciossitution collaboration and an expectation of
reproducibility many years into the future. This makes proprietary ecosystems unappealing if
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they tie users to a single standard or have a perceived risk of sudden dep(éaatibret al.,
2023) Any managed system would need to at minimum make data ingress/egress simple and
inexpensive.
In summary, a spatial data system for scientific remote sensing analyses has the following

core requirementslable2-2):

9 Distributed and scalable for large data volumes

1 Fully featured geospatial support for both vector and raster data
1 Open access
1

Reproducible science

Table2-2: Summary of existing data systems for scientific analysis of large remote sensing datasets. This table
drawson the work ofFerris et al (2024andGomes et al (2020)

Scalable & | Geospatial Geospatial support: | Open | Reproducible
distributed | support: Raster Vector operations | access | science
operations & spatial indexing

QGIS(QGIS 6 n n n n
Development
Team, 2025)
GDAL 8 0 n n n
(GDAL/OGR
contributors,
2025)
PostGIS( Po s t 6 6 n n n
Project
Commi tte
Dask/XArray n n o) n n
(Dask
Development
Team, 2016)
Apache Sedona n 6 n n n
(Moussa, 2021)
Open Data Cube n n 6 n 6
(Open Data Cube
contributors, n.d.)
Google Earth n n n 6 o)
Engine(Gorelick ) ) i
et al., 2017)

Standards for working with geospatial raster and vector data are incorporated into well
established opeaccess tools. However, many of the most mature systems, such as PostGIS,
QGIS, and GDAL, do not offer effortless scaling, with the first two fundanigmsiagle-server

systems (QGIS is designed to run as an application on a desktop computer), and the last
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requiring direct user management of any parallelism. New frameworks and tools extend some of
these capabilities to perform scalable geospatial computabasg, in combination with

XArray, is designed to effortlessly scale raster operations, distributing computations across tiles
for multidimensional rasters that are too large to fit in menfioask Development Team, 2016)

It does not support vector geospatial data, however. At the start of this thesis, there was no
analogous welsupported framework for distributed geospatial operations on vector data. Early
chapters of this thesis were therefore implemented through Audrk, a nogeospatial state
of-the-art open access framework for distributed computing with tabulafdaitaria et al.,

2016) In Chapter 4, | describe pairing Spark with a singly homed geospatial database while
implementing other geospatial functionality manually. However, over the course of this PhD, the
landscape has improved dramatically with the development of Apache S&tmrssa, 2021)

which | use in Chapters 5 and 6. It provides support for geospatial operations on vector data with
onthefly spatial indexing. However, it still has only limited support for raster operations.

Finally, there are several fully managed systems that give research users free access to
cloud resources with data and processing abstractions to perform distributed geospatial
computations. In a revieugomes et al (202M)ighlight that none of these systems that are
currently available meet satisfactory requirements for reproducibility of science; this was
recently reemphasized biferris et al (2024)Fully managed platforms for remote sensing
science tend to offer opaque data references, often unversioned, and do not guarantee data
immutability. The platform code and geospatial algorithms are likewise changed without notice,
with no ability for userso introspect or revert to a previous version. That said, two of the most
prominent fully managed platforms, Google Earth Engine and Open Data Cube, are scored
highly by Gomes et al for most capabilities besides reproducibility. Google Earth Engine has in
many ways revolutionized larggeale geospatial analysis by allowing users with limited
technical ability to perform exploratory and enfttheb o x anal yses wusing Goog
infrastructure stackGorelick et al., 2017)However, it is difficult to use Earth Engine to develop
complex multistep pipelines because it does not provide enough introspection to perform
profiling, unit testing, and other standard development practices. Open Data Cube, which has
opensource, modiar code, a defined open governance process, and a high capacity for

interoperability with other systems, is designed to handle raster but not vector data.

2.3.1 Computational challenges for the GEDI sensor
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The GEDI dataset, released in early 2020, has several characteristics that make it
challenging to analyze within this existing ecosystem of laggge spatial processing
frameworks and platforms.

The first challenge of working with the GEDI dataset is simply its size. The GEDI sensor
took billions of measurements in its first four years of operation. The raw data that users must
download to access the full GEDI catalogue from 2RQ93 comprises mdreds of terabytes
(though this can later be reduced through filtering and metadata deduplication, as described in
Chapter3). As a result, scalable distributed data processing is hecessary when working with
GEDI data over large areas. Moreover, the GE®lsor is unusual among the sensors used for
biomass estimatioréble2-1) in that it does not provideall-to-wall coverage, or a continuous
map of the earthodés surface. | aetereianeter it 1 s a
footprints (fishotsodo) corresponding to the are
years of the mission, these footprints aede< 4%0 f t he e ar t(Rddapoveétalnd sur f
2021) The dataset is therefore best represented as a tabular vector dataset, rather than as a raster.
As described above, the options for distributed egoegess processing of large tabular geospatial
datasets are limited relative to those available for rasteessing.

The large data size also exacerbates other computational challenges; for example,
standard methods in spatial statistics applicable on smaller datasets are not feasible with the
GEDI data. This is a problem because the sample collected by the GEDI imdtrsinwe a
random sampl@atterson et al., 2019t a global level, it follows the orbital path of the
international space station, resulting in a greater concentration of footprints at latitudes further
from the equator among other spatial imbalances. Locally, GEDI foohst@redrandom
sampl e: GEDI footprints are spaced every 60 m
are optically dithered to create eight tracks, each 600 m apart. This sampling pattern requires
spatial statistics to correctly propagate uncertainti@gevaccounting focorrelated sampling
errors(Dubayah et al., 2022a; Patterson etal., 2019)Comput i ng GEDI 6s vari a
correlated errors across large areas and large numbers of samples can be computationally
intensive(Dubayah et al., 2022a\ore generally, standard geostatistical techniques for taking
into accounspatial autocorrelationrequired for many ecological analysae0 ¢ and thus

quickly become burdensome for large datasets with many sathpetsal., 2016)
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Complicating the computation of uncertainty, GEDI has an unusual amount of
geolocatiorerror relative to other spaceborne remote sensing instruments. In the most recently
released dataset (version 2.1), the estimated location of each footprint had a ii¢gima 1
geolocation errofTang et al., 2023which is on the order of the size of the footprint itself, and
larger than the width of, for example, a Sentihglixel. As described in Section 2.2, a key gap
in existing remote sensing is the ability to measure forest changes such as disturbance by
comparing multiple measurements of the same sensor over time. However, because of the
uncertainties introduced by geolocation error, existing work explicitly wagamstusing the
GEDI sensor in this wagRoy et al., 2021)Specifically, Roy et al find that in the heterogeneous
canopies typical of disturbed forests, GEDI geolocation error can cause differences in GEDI
measurements as large as the magnitude of the changes one might seek to measure. One
possibility not considred by Roy et al, who study a R®? region of the Democratic Republic
of Congo,is that it might be possible to reduce these uncertainties by aggregating a very large
number of samples over a broad area. However, this would require finding repeat meatire
of the GEDI sensor over large areas, which is computationally infeasible using the data in its raw
format, as described in Chapter 3.

Finally, GEDIG&6s | imited spatial and tempor
running waltto-wall sensors is essential, but data from #@Nvall sensors is best represented in
raster format. Data fusion therefore requires a distributed spatial tampystem that can
handle both rasters and vectors simultaneously and overlay the two without requiring the user to
explicitly manage parallelization across raster tiles and spatially intersecting rows of the vector
dataset. However, the only currentiyadable system that can operate on both raster and vector
data simultaneously at scale is Google Earth Engine. As described above, Earth Engine is lacking
in support for reproducible science and is difficult to use to develop complex functionality not
cowered by the buiitn Earth Engine API. The latter is of particular concern for GEDI data
fusion, which requires custom handling to account for geolocation errors and the mismatches in
size and shape between circular laser samples and the standard @xsHlbd-wall radar or

optical sensor.

2.4 Summary of research gapsmotivating questions,and thesis objectives

In summary, there are three key gaps in current research:
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(1) No accurate, annual, highresolution biomass map®xistthat couldquantify subtle
changesn dense tropical forests, but this is essential for understanding regrowth and
disturbanceNon-biomass variablesare even more poorly understo¢8ec2.1)

(2) There ardarge discrepancies and uncertainties abouhe landscapescale impactof
tropical forest disturbance on forest carbon and structure. Theresagous concerns
about the use of spatial baselineend methods such apacefor-time substitutiorio
stand in for measurement of temporal chaing#isturbed forestdbut there aralsono
ready alternativesgiven the limitations of existing remote sensing to(8&c2.2)

(3) GEDI measurebiomass, forest structure, and other key ecological variaodstmay
be able to capture subtle changes in regrowing and disturbed tropical fouests,
confounds current geospatial datassystems andanalysisframeworks because of its
large data size, clustered sampling pattern, geolocation uncertainty, and tabular format.
As a resultthere are no ready waydo perform GEDI data fusion at scale either
joining it with othersensors (to measure letgrm change like regrowth) or wittself

(to measure shoterm change like disturbancépec?.3)

Policies such as REDD+, national restoration commitments, the EU Deforestation Regulation
(EUDR), and other global antieforestation initiativeaim to vastlyreshag patterns of wood
production and land use. However, existiagnote sensing isotyet ableto assess tharge
scaleoutcomes of these policy shiffBhe contributions of tropical forest regrowthdan
degradation to global carbdinixesremain poorly quantifiedn addition, aailable measurement
techniques often do not align with poliand ecologyrelevant definitions of forest degradation
and recovery, leaving many impacts unmeasured or inconsistently ref@ased. on these gaps
and policy needs, theverarching ecological question motivating this thesis is:

What is the impact of tropical forest degradation and regrowth on biodiversity and

global carbon fluxes?

In pursuit of this ecological question, we are faced with a computational question:

(How) can weuse the GEDI sensor to measursubtle short- and long-term changes

in dense tropical forests?
This question touches on unknowns of bsttitisticalandtechnicalfeasibility: Is it

possible to derive statistically significant conclusions about subtle forest clianges
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the geolocation and measurement uncertainties of the GEDI 3afkat novel
geospatial computational methaaleneeded to enabkich analysés

To address these broader questions, the thesis is organized into the following research chapters

that tackle research questions and objectives of smaller scope.

Chapter 3
Research question: What is a scalable model for hosting a hundred+ TB, versioned, tabular
geospatial dataset in a way that supports a range of technical artenbnical users and

globakto-local analyses?

Specific objectives:
1 Understand the diversity of user needs and existing barriers of access for analyzing
the GEDI data.
1 Design, implement, and deplayn extensible, eagp-use, resourcefficient, open
accessystem thamakes it possibleo perform geospatial data analysis using the
GEDI data at scale.

Chapter 4
Research question: How quickly does the Amazon rainforest regrow -@edumulate carbon

after deforestation events?

Specific objectives:
91 Developa scalable, generalizable computational method to fuse GEDI with long
running optical satellit¢raster)data, whilst appropriately propagating uncertainties.
1 Use the GEDI sensor to estimate carbon sequestration rates in young secondary
forests across the Amazon biome.
1 Identify spatial differences between regrowth rates in different ecoregions of the

Amazon.



44 2 Background

Chapter 5
Research question: Can repeat GEDI footprints be used to measure the effects of tropical forest

disturbances?

Specific objectives:

1 Develop a scalable, generalizable computational method to identify GEDI samples
measuring before and after forest changes detected by optical and radar satellites.

1 Testthe hypothesis th&EDI can be used to measure the effects of tropical forest
disturbances without the use of spatial baselidespitethe concerns raised in prior
work regardinghigh footprintlevel uncertaines

1 Testthe hypothesis th&EDI can identify sudtanopy changes, for example the
effects of fires primarily affecting the understory.

1 Testthe hypothesis thdhere is a relationship between GEDé&asured carbon loss

following tropical forest disturbance and the signal observed by optical satellites.

Chapter 6
Research question: What was the impact of tropical forest disturbances on forest structure and

global carbon fluxes over the years 2620027

Specific objectives:
1 Create a spatially explicit pantropical map of hotspots of disturbataed carbon
losses.
1 Assess the structural changes and carbon losses associated with different drivers of
disturbance.

1 Estimate the total carbon lost to tropical forest disturbances over the year3@220
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3 The GEDI Toolbox

The Global Ecosystem Dynamics Investigation (GEDI), a lidar system mounted on the
International Space Station (ISS), has taken billions eh2ger diameter footprint
measurements (Ashot s o) (Dabayalwes &., 2020This datasetf ac e o f
which is already hundreds of terabytes in size after the firstylear phase of the mission, is
made publicly available on the NASA Earthdata Cloud and through NA&#ed data centers.

In recent years, the Earth Observation research coityrasia whole and NASA specifically
have made significant efforts to support efficient access and parallel processing for raster
datasets produced by watl-wall satellite sensor®ask Development Team, 2016; Hamman et
al., 2024) However, support for tabular spatial data, such as that produced by a sampling
instrument like GEDI, is comparatively lacking.

This chapter is laid out as follows. Sect®d provides an overview of the GEDI data
format and existing data management options. It then summarizes the primary data needs and
challenges for four key categories of users and the problems with the existing data format that
pose the greatest problems fioese users. Secti@?2lays out the objectives of the designed
system for managing and analyzing GEDI data, and Se@tButescribes the GEDI Toolbox
design. SectioB.4 describes two generalizable computational methods, built on the GEDI
Toolbox, that enable the analyses in Chapters 4 and 5 of this thesis. Sdotioses by
considering alternative designs and describing ongoing work to extend the GEDI toolbox using

novel database technologies.
3.1 Background

3.1.1 GEDI data format and access

The GEDI dataset has three levels of organizatmstprint, granule andproduct
(Figure3-1). A GEDI footprintis an individual measurement from one of ¢éight GEDI lidar
beamsidentifiedbya uni qu e DBdrieet ecologioabneetrics, such as biomass,
computed for each footprinthe published dataset contains all footprint measurements collected
by the GEDI sensor, though many are affected by bright sunlight, atmospheric haze or other

guality problems. Quality filtering is therefore required at the footprint level before theatata
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Figure3-1 Organizational structure of the GEDI dataset. The yellow line shows the path sampled by the GEDI sen:
single orbit of the ISS. All of the footprints collected by the eight GEDI beams along this orbital path form a granule
footprint consists ofhe return waveform from the GEDI sensor, from which various ecological metrics can be derive

metrics are grouped into Products in the published data.

be usedA GEDI granulecorresponds to the footprints collected byeadiht GEDI lidar beams

along one orbit of the ISThus, botprints in a granule form al path along the surface of the

earth. Each granuleasseverabperfootprint products with each product containing a different

category ofcologicaldata (L2A:relativeheight,
L2B: canopy cover and verticatructure, L4A:
biomass, and L4C: structural complexity) as wel
as metadata about the algorithms usqutéaluce
the scientific data anitheir expected quality and
uncertainty. The fields in each product are not
mutually exclusivegdata and metadata fieldan
berepeated across products.

GEDI
Cloud, with different products hosted by differen

data i s

data centerdNASA offers a metadata query API.
Given aproduct,region (shapexnd time period,

host ec

{

gedi_product_id: ,
region: ,

start: ,

end: ,

|

granules:

A
file_name: ,
download_url: ,
bounding_box: ,

}

Box 3-1 NASA metadata API overview. The listed reques
and response fields are simplified for conceptual clarity;
consult NASA documentation for a complete list of
parameters.

4 Other GEDI products represent rasterized (not footpeivel) data. These are straightforward to work with using

standard geospatial tools and are not discussed here.
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the metadata API returns a list of download URLSs for all granule files in the given product that
intersect the specified region and time pefBdx 3-1). Each pelgranule peiproduct file is in
the HDF5 format and can be up to ~2GB in size.
As of January 2024, the raw data download for the three available products (L2A, L2B,
and L4A) covering the complete first phase of the GEDI mission 2002 3) acr oss t he

tropical moist forests and Europenstituted~100 TB.

3.1.2 User access needs and existing solutions

Based on research collaborations with scientists at several different universities and
nonprofits, we identified four primary categories of users of GEDI data. We summarize their
characteristics, use cases and pain points bdlabé€3-1). We designed our system to
accommodate these four user groups.

Across all user groups, we found that there are three core problems that ditice it
to code common queries correctly and efficiently using the existing GEDI data format

T Usersare typically interested in studying a compact region of the earth, but the GEDI
data isorganized asiDF5 filescorresponding to eadrbital track of the ISSSpatial
queries on a set of hundreds to tens of thousands of HDFarde®twell-supported in
existingspatial librares Furthermorethis organizatiomesults in inefficient access
patterns in which users frequently read only a small amount of data out of many large
files.

1 Usersare typically interested imetrics spreadcross different GEDI products for each
footprint. This requires downloading and parsing multiple HDF5 files per footprint, each
of which contains many redundant columns. Network and drive latency are key
bottlenecks.

1 The GEDI research community has largely settled on a set of initial filters for the data
(Burns et al., 2024)which in our testscan reduce the data size by as much as 35%.
However, no filtering is reflected in the HDF5 fijeghich include many lovguality

footprints
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Table3-1: Overview of surveyed GEDI use cases and challenges

Type of Level of | Primary use case Key challenges
researcher | technical
expertise
University | Low Select GEDI footprints | Cannot easily access the raw data
student/ within a few polygons of| usingExcel andQGIS (or simila)
researcher interest, overlay with { Automating data downloa@nd
rasters (se8.4.), procesing large numbers of files in
summary statistics parallel
1 Limited storage space available @n
laptop)
NGO Medium Overlay with rasters, 1 Limited infrastructure for working
large-scale analysis with raw dateor handling extensive
data preprocessing.
1 Requires analysiseady data.
University | Medium | Select GEDI footprints |{ Need to automate download and
student/ within many small processing of GEDI data in parallel
researcher polygons of interest { Difficult to write simple code to
across large regions, parse/query data in existing format
overlay with rasters, |q Inefficient to repeatedly access man
summary statistics large HDF5 files to query small
contiguous polygon regions
University | High Efficiently find 1 Difficult to perform complex
student/ coincident GEDI geospatial queries efficiently in
researcher footprints over large existing data format. Coincident
areas (se8.4.2, overlay | footprints, in particular, is not feasib
with rasters over large areas without spatial
indexing.
1 Difficult to write simple code using
standard constructs (i.e. Geospatial
SQL) across thousands of HDF5 filg

There are several existing systems for accessing the GEDI data, but none of them currently

meet user needs.

1 Google Earth EngingGorelick et al., 2017s a distributed computing framework for

working with larges c a | e
alsohosts the GEDI data

However

5 At the time tlis research began, the GEDI offering on Earth Engine was incomplete: it offered only a rasterized

remot e

dat as ¢hats
gn

sensing

, its desi

host

paradi gms

version of the tabular data, and it did not include all of the columns necessary for appropriate filtering. Since then,
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objectsoverFeat ur eCol Il ecti on (fAtabularo) dataset
custom operations using Earth Engine or to import large private datasets, making
complex rastefGEDI overlays difficult to execute; users also have little to no control
over schduling, parallelization, and resource usé@erelick et al., 2017)

1 NASA has recently initiated cloud processing integrations and efficiency improvements
for some of its datasets. However, thase alsalesigned for rastdype datgd Hamman
et al., 2024)or else do not have the ability to combine hosted data with large external
dataset§NASA MAAP Team, 202Q)

1 Finally, data lakelibraries and frameworkare designed to access large setnictured
raw datasets without additional preprocessing or table schema definitiondatariake
frameworks also support spatial operations, with Apache Sedona providing the most
featurecomplete offering at the time of writi@loussa, 2021)However, no freely
available data lake libraries work eaft-the-box with spatial HDF5 files, and none have
an option to precompute a static spatial indextl@sfly spatial indexing is highly
inefficient for the GEDI data use case, because the dateely updateddnly annually
or biannually) One data lake service that can precompute spatial indiBégQaiery, on
Google Cloud, but it is expensive and ties users to Google Cloud for hosting and

analyzing datgLakshmanan, 2022)

3.2 Objectives
The GEDI toolbox is designed to provide a simple, flexible, scalable, and customizable pipeline
for performing the following actions with the GEDI data:
1. Downloadall footprintlevel GEDI dataproductsfrom NASA Earthdatdor any region
and time period.
2. Parse and qualitfilter GEDI data
3. Combine and deduplicate GEDI footprint data across multiple praoducts
4. Perform geospatial queries on GEDI data, where the regions of interest are typically
compact areas (e.g. a biome, a country, a series of forest plot locations). This includes
geospatial queries that combine GEDI data with other locally stored geospeisstsa

tabular versions of the data have become available, and it may be a more attractive option especially for researchers
with lower technical expertise or those without access to local compute/storage resources (e.g. university students
with low expertiseTable3-1).
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5.

Seamlessly update data when extending study areas to new regions and time periods.

The system should also meet the followingctionalobjectives:

1.

SpeedAchievefast processing timdsr most querieslt should not be a significant
speed sacrifice to use the systeprocessing times should bemparable to the best

widely available spatial query systems

. Storage efficiencyStore only the data necessary for users to study their region/time

period of interest, recognizing that users may not be able to accommodate a large disk
footprint even temporarily.

Simplicity: Require little to no knowledge of thiketails of GEDI data file formats,
download APIs, etdBe straightforward to use even for less technical users.

Safety Be safe to use for less technical usargeaning that it is difficult to break the
system, accidentally corrupt or delete data, or otherwise disrupt performance for other
usersHowever, it should still bperformant, featureich, and modular enough for highly
technical users to be able to solve novel research problems.

Maturity: Maintain dependencies only on wdlbcumented, mature systems with leng

term support and ready compatibility with other standard geospatial processing tools.

3.3 Design

3.3.1 High-level system

To enable fast geospatial computations, we host the GEDI dataset in a spatially indexed

PostGIS table where each footprint is a row and columns contafogiprint data(Figure 3-2).

GEDI datais downloaded, parsed, filtered, and ingested into the database on demand (i.e. when a

user requests data for a specific region/time period). Data from multiple pradelctsnbined

into a single table keyed by footprint number, recognizing that most users are interested in data

across products (e.g. canopy height and biomass estimates) apdabése filtering uses fields

from multiple products to determine footprint ¢jtya
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Figure3-2: Overview of the GEDI Toolbox system design. GEDI Toolbox API endpoints, designed to be initiated
by a toolbox user, are shown in yellow with a user icon. NASA cloud endpoints, including distributed data centers
(DAACSs) and the global metadata API, ar@wh as blue clouds. Local compute and storage infrastructure is shown
in orange, and the major steps of the PersistData pipeline (Section 3.3.3) are in green.

When using the system, users perform two actions:

1. Theywrite to the database using the PersistData API (Sec 3.3.3). PersistData is a
long-running operation that ensures that all the published GEDI data for a given
region and time period is downloaded and made analyady in PostGIS.

2. Theyreadfrom the database using spatial SQL requests-{@dmical users can use
a thin Python wrapper that translates a standard requests to SQL). PostGIS offers

parallel reads and highly performant geospatial computations using its indices.

3.3.2 Table structure and configuration
ThePostGIS databadestwo tables Box 3-2). First,gedi_granuleswhich containghe
granule name and metadata of each granule present in the databatsh|& Ingkes it possible
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to efficiently querywhich data is already present in the datalaa®kenables idempotency on
long-running import call{see Se8.3.3for more details)lt is keyed by the concatenation of the
name of the granule and the consistuent product files from which the granule data is taken (see

Sec3.3.4for more details)Secondgedi_data which contains all the footpridével data

The gedi_data table has three indices: gedi_granules:
. granule_name_file_hash
1. Index on shot_numbéo allow for single granule_name

[2a_file_name

footprint lookups 12b_file_name

2. Geometry index on the footprint center laa_file_name
l4c_file_name
POINT(lon_lowestmode, lat_lowestmode) t insertion_time
allow for fast lookups by region in the most gedi_data:
. shot_number
common projection (Mercator). granule_name_file_hash
[ é scientific data f

3. Geograph§index on the footprint center Geometry

POINT(lon_lowestmode, lat_lowestmode) t

allow for fast geospatial computations in

standard metric distance units (m). Box 3-2: PostGIS database schema

During setup, the database has two main configuratignirements

1. Columns: The data fields from the GEDI products to include.

2. Filter conditions: The filter conditions to apply to data before it is ingési@dnfiltered

data is stored in the database)

These configurations are set once at database initializaticaredidficult to change once the
database is runningssentially requiring rdownloading and parsing the GEDI data. As a result,
the setup should err on the side of including more data rather than lesse alctadlumns that
theresearctgroup might have a use for, and only apgitypplequality filters that are all but
certain to be necessary. We provide a default configuration that meets these requirements for our

broad sample of rese&rasers, anthis still reduces data size over the raw data by ~90%. This is

5l'n GI'S systems, figeometryo refers to a spatial feature
CRS). fnGeographyo refers to an unprojected spatial feaf
types allow simple distan@®mputations from the user perspective, such as selecting points within 100 m of a

location, without determining an appropriate local distgpreserving CRS and manually reprojecting data.

Internally, the computations are performed using the Haversimaufa, which is more computationally intensive

than Cartesian distance.
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largely due to data duplication in the original format and the high portion (~35%) -afualiy
footprints SupplemenAl).

Data locality should be optimized for spatial queries. Users should periodically run a
PostGIS CLUSTER BY command on the geometry index of the gedi_data table. This command
will physically reorder the data so that geographically nearby footprints arel@dgoto one
another on disk. Unfortunately, the table must be offline during this operation, which can take a
long time (O(days)) after large imporgurther recommendations foptimization and
configurationof the PostGIS database aiscussed in SupgmentA2.

3.3.3 PersistData API

The PersistData ARillows users to request that GEDI data for a specified region and
time periodb e ma d e -rileaandayl :yds i Iso c-ftérédyjoinbddoyg footpdnt numpbere
and indexed.

Its core design constraint is that iidempotentthat is,it describes aend statedhat the
user wishes to see, not actionthat they wish to take. When the user calls PersistData on
Region A, it should not be necessaryédgher efficiency or correctne$sr the user to know
anything about what regions have already been persisted. Similarly, if the PersistData call is
interrupted for any reason, running the command again with the same arguments should cause it
to pick up from where it left off andesult in the same system end state as if it had completed
successfully the first time. The latter is useful because the NASA data proardbgflaky. In
order to achievedlempotencywe choosehe granule as the atomic unit of operatginge thigs
the smallest set of GEDI footprints that the NASA metadata API allows us to diéychoice
necessitates a table of granules as well as a table of footfdets granule is composed of four
files, which correspond to the four footprietvel GEDI prodicts: L2A, L2B, L4A, and L4C

The PersistData algorithmB¢x 3-3) begins by identifying which granules need to be
processed to fulfildl the userb6s desired end s
l'i st of alll over|l apping granule files for the
from this list of granules the set of granules already present in the database, which are recorded
in the gedi_granules table. Then, for each missing granule, it performs the following steps:
1. Data download

"In theory, L1B, the full GEDI waveform, could also be included here. However, we did not deal with waveform
data in our research different systemmightbe more efficient for storing and accessing waveform data.
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2. Data transformation

3. Database ingestion

4. Data deletion

Each of the first three steps is checkpointed for each granule, so that it will not be repeated in

case the pipeline is halted or fails at any time. We describe each of the steps in detail for an

individual granule below.

1. Data download

All relevant granule files from the four products are downloafledt already present

We download data into a temporary file first and move it once the download completes
successfully, with builtn retries in case of failure. This means that if the pipeline halts
partway through a file download, there will be no partly written/corrugat files that

would prevent redownload and crash the pipeline later. Temporary files are cleaned up at

the start of a new PersistData call.

. Data transformation

We parse each grangbeoduct file from HDF5 and filter the data using the quality
information available in the given product. We then join the product files of the granule
using shot_number as a key, so that only footprints that pass filtering fordulictsavill
present in the database. Finally, we perform any additional filtenmgossproduct

conditions (i.e.filters that compareolumns that appear in different products). At this
stage, we write a single granule file containihe complete filtered data across products.
This serves as a checkpoint if the pipeline is halted and can be convenient for sharing the
joined and filtered data, but is not a necessary step and can be turned off if disk space is
tight.

. Database ingestion

All of the footprints in the granule are inserted into the gedi_data table in a single
transaction. Postgres transaction semantics ensure that no gvdinbkepartially

presentin the same transaction, we also insert metadata about the granule (including the
granule name, its insertion time, the raw files it corresponds to, and a unique hash of its
constituent file names) into the gedi_granules table. This tableuseque identifier for

the granuleas a primary key, so if the granule has already loeserted into the database

(e.g. by another user running PersistData simultaneously), the entire transaction will fail



55 3 The GEDI Toolbox

and no duplicate data will be inserted into either table. Of note, there does not need to be
a primary key index on th#atatable to ensure that duplicate footprints cannot be
inserted As a result, dring bulk imports all indices on the data table can be dropped,
speeding up performance considerably.
4. Data deletion

Once database ingestioompletesthe raw data and intermediate data files can be safely
deleted. In systems where storage is tight, this can be performed immediately after an
individual granule is inserted into the database, so that the entirety of the raw data for a
given region is near simultaneously present in local storage.

This process is parallelizable across granules. We therefore implement PersistData() using

Apache SparkZaharia et al., 2016yvhich allows it to automatically scale based on the compute

resources available in the usero6s cluster.
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1 def PersistData (geometry, start, end):

2

3

4

5 required = get_granule_metadata(geometry, start, end, gedi_products)
6

7 existing = db. sl ( )
8 required = required T existing

9

10

11

12 urls = spark. parallelize (required_granules). groupByKey ()
13

14

15 files_by granule = urls. map(_download_urls)

16

17

18 processed_granules = files_by granule. map(_process_granule)
19

20

21

22 processed_granules. coalesce (max_t). map(_write_db). map(_delete_raw)
23

24

25 def _process_granule  (granule_name, [filel, file2, ...]):

26 product_data =[]

27 for file in files:

28 product_data. append (parse_and_filter(file))

29 data = inner_join(product_data, on= )

30

31 data = complex_filter(data)

32 return  data

33

34

35 def _write_db (data):

36

37

38

39

40 transaction. begin ()

41 granule_entry = { granule_name, granule_hash, included_files, ...}

42 granule_entry. to_sgl (table = )

43 data. to sgl (table = )

44 transaction. end ()

45 return  granule_entry

Box 3-3: Algorithm for idempotent longunning PersistData function. Thisdasvrite API that ensures all required
data is in the gedi_data table.



57 3 The GEDI Toolbox

3.3.4 Versioning

The GEDI team periodically updates either
versionso consistently wupdate al/l granul es an
centef. I n contrast, Agranul e production versions:
individual productd For example, an adjustment to the PAI computation in some forest types
might be published only for the Level 2B product, and only for granules that intersected that type
of forest. Once a new version is published by the GEDI team, old versions ofeitte cff
granule are no longer available and no history of their metadata is provided by the NASA
metadata API.

In designing the GEDI toolbox, we sought to ensure that
(1) Versioning information is available in the database so that data provenance can be tracked
(2) New data can be incrementally ingested
(3) Database usersanwrite queriesvhoseresultswill not changeafternew datds incorporated
Version information and provenancko meet the first goal, data version is explicitly tracked.

The gedi_data table (see 8en 3.3.2 contains dataset and granule production version

information for each product that contributes to a footprint row. It also contains a reference to the
granule_name_file_hash column in the gedi_granules table, which allows it to be associated with
the orignal data file names for all products. The gedi_data and gedi_granules tables also include
row insertion time.

Incorporating new datalTo meet the second goal, when new dataset versions are released, a
relatively rare occurrance (every few years), we create a new table in the database. Users wishing
to update their analysis for the new version will need to switch tables and call Péag)stDain
(though they can continue working on the old table until they are ready to update). For new
granule production versions, we add the new data to the existing table. To do so, the
gedi_granules table is keyed by the granualeoncatenated with a hash of its constituent files
rather than by granule_id alone. When PersistData() is called, the insertion checks not only that

the desired granules are present in the database but also that, if the granule is in the database, it is

8 Half of the GEDI products are hosted at the Oak Ridge National Laboratory data center, and the other half are at
the Land Processes data center. Thus far, data center versions have always matched between the two, though it is not
clear that this is guaréeed behavior.

® Thus far, granule production versions have been consistent across products, though it is not clear that this is
guaranteed behavior.
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composed of the most tip-date files. If not, it will be treated as a new granule and re
downloaded for ingestion. Note that the data is by design |dadégwhen a user requests it

with the PersistData() API. As a consequence, we do not have (or seek to have) a complete
record of the entire GEDI archive, and it will not be possible for users to revert to a specific
version of a granule no longer published\b&SA if that version was not previously requested

with PersistData().

Query consistency in the face of changing dB&sed on the information we provide, users can
always obtain a consistent snapshot of the most recent data at a given timestamp by designing
gueries that select the most recent version of each footprint with an insertion time earlier than the
snapshot thestamp. In practice, new granule production versions typically affect only small
subsets of the data, so most rows will not contain multiple versions. In addition, since the data is
physically grouped on didky geographic location (using CLUSTER BY on the geometry

index), multiple versions of a given footprint will also have good data locality.

3.4 Computational methods to fulfill downstream use cases
We now describéwvo computational methods, built on the GEDI Toolbtingt enable the
analyses in the remainder of this thesis.

3.4.1 Overlaying GEDI with large raster datasets

As described in Chapter 2, one key challenge is overlaying the GEDI dataset with
information from other satellite sources. The GEDI dataset is geographically sparse and best
represented in a tabular format, but we typically need to overlay it wititovaidll satellites
whose data is best represented as a raster. At the start of this thesis, there wereooropen
tools that could perform raster/vector overlays in a distributed mandait scale. Apache
Sedona currently offers simple rastector oerlays, such as identifying the single pixel in a
raster that contains a point from a tabular dataset, and this is the basis of our work. However, due
to geolocation uncertainty and the interaction of footprint shape with small raster pixels, GEDI
requirescustom overlay functions that access multiple pixels in a window around each footprint.
We therefore implement an extensible pattern for performing such overlays in a distributed
manner using the GEDI Toolbox and Apache Spark/Seddma3-4).

In our design, users supply @junctionto divide their region into tileand (2) an
operation to compute on each tile and the subsection of tabular data that intersects it. The GEDI
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Toolbox provides a spatially indexed, giéered tabular dataset, and Sedona handles the
orchestration: splitting up the tabular data and invoking the overlay function once for each tile.

1. Tiling: Many data export services will already have split up a large raster into multiple

spatially contiguous files for convenience. A natural tiling function is therefore to simply
map the file name of the raster tile to the region it covers; we providetg futiiction

that does this by default. However, if this sharding is not sufficient, users can also
provide their own desired geographical sharding of the data. Similarly, we provide a
corresponding utility to load the raster file that correspondsetaile id during the

overlay step, but the user calways exert additionalontrol and load other sections of

the raster as needed. This alleexpertusers the flexibility to load auxiliary data relevant
to the tile angotentiallyhandlespecialconditionsthat arise at tile boundaries

2. Overlay:Theoverlay function take as input a datafranf tabular data and a tile ahd

outputs (a subset of) the tabular data, with new columns added containing the overlaid
raster data and any other computed results bikss computationallif the function

makes use of python vectorization to efficiently read relevant pixels out of the raster and
compute results on them. In our code, we provide examples and utility functions to assist
users with thisif-else statements, as opposed to aroaigntedwhere statementsare also
supported buwvill significantly decrease efficiencyJsers can also define which columns

of the dataframe are needed for the overlay function. For example, one might overlay the
GEDI data using spatial and temporal conditions, but the hundreds of other GEDI data
columns would only be needed for downstreamyses. We only pass the relevant

columns to the memotsptensive overlay step, andjan with the full set of columns

once the raster files are closed.

Unfortunately, Spark and Sedona do not have appropriate resource planning for raster data;
their query planning is only optimized based on row counts in a (presumed) tabular dataset.
While our implementation builds on Sedona functionality to create d pgiedine steps that
appropriatelyspatiallyoptimize, by grouping processing for all data rows that are contained
within the same raster tile together, it is still vulnerable to poor query planning because it deals
with large, slow resources (raster $ijehat Sedona does not know about. As a result, we found

that Sedona query plans tended to duplicate the overlay function in multiple places, mistakenly
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assuming that they were easy to recomptif@ work around this limitation, we immediately
cache the results dataframe following every overlay step. While this is not an ideal solution
because does not appropriately weight the raster resources during query planning, it at least
ensures that Sedomall not repeat this resourdatensive step. Ultimately, while our approach
does achieve the goal of efficient, distributed, and customizable-vaster overlays at scale,

the awkwardness of the final caching step highlights the importance of natiegaof both
raster and vector resources in a single geospatial processing framework, as we d&ess in
7.2

%1n one extreme example, an overlay step that took over an hour to compute across 8 tasks using up to 50 GB of
memory each was duplicated three times in Sedonads que
could be completed in under 20rmates.
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1 in_schema=|

2

3

4 primary_key_columns,

5

6

7 geometry,

8 data_columns

9]

10

11 out_schema =

12 primary_key columns

13

14 result_columns

15 ]

16

17 def overlay_fn(

18 shard_token,

19 df: DataFrame[in_schema]

20 ) -> DataFrame[out_schema]:

21 rasters = open_rasters(shard_token)

22 df = custom_overlay(rasters, df)

23 return  df

24

25 def tiling_fn(region: shape) - > DataFrame([shard_token, tile_geometry]):
26

27

28 def run_overlay():

29

30 data_table = read_tabular_geodataframe(region)
31

32

33 raster_shards = tiling_fn(region)

34

35

36 data_table = sedona.sql("™

37 SELECT t.*, r.shard_token AS shard_token
38 FROMdata_table AS t

39 INNER JOIN raster_shards AS r
40 ON ST Contains (r.geometry, t.geometry) ™" )
41

42 data_table = data_table

43

44

45 .select(in_schema.fieldNames())

41

42

43 .groupBy  ( )- applylnPandas(
44 overlay_fn,

45 schema=out_schema,

46 )

47

48 Jjoin(data_table, on=[ *primary_key_columns ], how = )
49 )

50

51

52 data_table.cache()

Box 3-4: Extensible coding pattern for distributed rastector overlays using Apache Sedona and the GEDI Toolbox
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3.4.2 Identifying near-coincidentGEDI footprints

As was argued in Chapter 2, one important application of remote sensing is to measure
forest changes using repeated measurements. GEDI does not have a fixed regular repeat cycle
like sunsynchronous satellite sensors, but in some cases it measuresheeadgne area more
than once. These repeat measurements are scientifically valuable, but computationally infeasible
to find over large regions using the native format of the GEDI data. This is because repeat
footprints necessarily come from different orlwfghe ISS, so they are stored in different
granule files. Given that the only geospatial data accompanying a granule file is its bounding
box, naively searching for measurements within a 40 m radius of a given footprint requires
consulting hundredsof other granule fileg with more files required as the GEDI data
catalogue grows. Many of these searches are expected to return no results, as repeat
measurements are rare in tropical latitudes. For example, of the 100 milliequdility GEDI
footprints in the Amazon from 2012022, only ~4% happened to fall within 40 m of a previous
sensor measurement.

The GEDI Toolbox framework not only allows this computation to be performed readily,
it also vastly simplifies the code required t
(Sec.3.3.3 and appropriate spatial indices added to the table, a user can identify all pairs of
repeat footprints using a straightforward and parallelizable join oper&@ex3(5). The spatial
components of the join query are performed ag
(geometry::geography ). As described in Se8.3.2 a geometry is a pair of coordinates in a 2D
projection (such as the WGS 84 (lat/lon) projection used in the native GEDI data format), while
the geography type translates these to coordinates on the surface of a sphere. Metric distance
cannot be calculatein WGS 84, as a degree of longitude corresponds to different distances at
different latitudes. The metric distance computation ST_DWithin should therefore be performed
using a geography type. In order to scale this computation, the GEDI toolbox inzlselearate
spatial index on the geography cast of the geometry index, as well as the geometry spatial index

for fast lookups in the lat/lon projection.

1 The NASA metadata API is more precisgiven a small polygon, it returns the orbits that intersect that polygon,

not just the granules whose bounding box contains the polygon. However, the exact shape covered by each orbit is
not exposed to the publicné moreover the API itself is far too slow (0¢100s) depending on availability) to be
consulted for every highuality footprint in the archive.
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1 (

2 FilteredTable (

3

4

5 gedi_data

6

7 , {get_sql_region(region)})
8 {get_additional_filter_conditions()}

9 )

10 { get_columns( )} {get_columns( )}

11 FilteredTable t1 FilteredTable t2

12

13 ( , , : )
14

15 ) nearby_shots

Box 3-5: SQL Join query to identify pairs of footprints within 40 m of one another. Text in braces indicates python fun
calls (e.g. {get_sql_region()}) to get S&fhrmatted strings for the query arguments.

The presence of two spatial indices introduces an important subtlety. For query
efficiency, it is vital that the ST _Intersects query (Iheselecting the region of interest is
performed on theame indexas the ST_DWithin query (line 13), even though ST_Intersects
works correctly on a WG84 geometry. To illustrate the difference, consider the query plan if
' ine 7 i s gqebmety Qe dnt weraew/ geodiaphyi 0 , as Bax®6vn i n
In this case, within the inner loop of the join, the two spatial indices are scanned separately. A
full bitmap is constructed of which rows/pages need to be accessed for each index, and the two
bitmaps are ANDed togethdf.both use the same index, the two spatial conditions can be
evaluated with a single index scan, reducing query time. In fact, we found that for a database
containing a significant portion (over 2/3 of the rows) that were not in the region of interest for
the query, using different indices caused the entire database to fail wafrremory errors, a
possible PostGIS bug. The same query completes successfully when run on a database
dominated by the query of interest, if several hours slower than orgeaushrared index.
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64
Gather
-> Nested Loop
- > Parallel Bitmap Heap Scan on gedi_data
Filter: ((filter_conds = 1) AND st_intersects(geometry, GEOM_BYTES::geometry))
- > Bitmap Index Scan on idx_gedi_data_geometry

Index Cond: (geometry && GEOM_BYTES::geometry)
- > Bitmap Heap Scan on gedi_data , gedi_data_ 1
Filter: (
(filter_conds = 1)
AND (gedi_data.shot_number < shot_number)
AND st_ intersects(geometry, GEOM_BYTES::geometry,
AND st_dwithin ((gedi_data.geometry)::geography, (geometry)::geography, '40'::double, false))
- > BitmapAnd
- > Bitmap Index Scan on idx_gedi_data_geography
Index Cond:
((geometry)::geography && _st_expand((gedi_data.geometry)::geography, '40"::double))
- > Bitmap Index Scan on idx_gedi_data_geometry
Index Cond: (geometry && GEOM_BYTES::geometry)

Gather
-> Nested Loop
- > Parallel Bitmap Heap Scan on gedi_data
Filter: ((filter_conds = 1) AND st_.intersects ((geometry)::geography, GEOM_BYTES::geography))
- > Bitmap Index Scan on idx_gedi_data_geography

Index Cond: ((geometry)::geography && GEOM_BYTES::geography)
-> [ndex Sscan uUsing 10X_gedl_data_geography
on gedi_data , gedi_data 1

Index Cond: (
((geometry) :: geography && _st_expand((gedi_data.geometry)::geography, '40"::double))

AND ((geometry)::geography && GEOM_BYTES::geography))
Filter: (

(filter_conds = 1)

AND (gedi_data.shot_number < shot_number)

AND st_intersects ((geometry)::geography, GEOM_BYTES::geography
AND st_dwithin((gedi_data.geometry)::geography, (geometry)::geography, '40"::double, false))

Box 3-6: Simplified query plans for the spatial join described in Set.2 with the inner loop of the join
highlighted in redTop: Query plan where the two spatial queries (region filter and metric distance) each u:
different spatial index (geometry and geography, respectivigbjom: Query plan for the query shown in Box
where the two spatial queries are performed on the same index (geography).

3.5 Alternatives and future directions
We considered several alternatives to PostGIS for the storage system backing the GEDI

toolbox. In this section, we describe these alternative designs, as well as ongoing and future work
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to extend the GEDI toolbox to use TileDB, a novel distributed analytics database. These

alternatives are summarizedTiable3-2.

Table3-2: Alternative storage system designs for hosting the GEDI data, evaluated on the relevant feature
requirements and functional objectives laid out in Se@i@nAll systems are assumed to be paired with a custom

built preprocessing library that satisfies the requirements for downloading, transforming, and ingesting the GEDI
data. In the case of managed storage (TileDB, PostGIS), geospatial queries are hémdlgdyshe database

system. In the case of structured storage (CSV, geoparquet), we assume that geospatial queries are performed using
a standalone distributed geospatial computing framework. Currently the most-feanpkete option is Apache
SedongMoussa, 2021)

Spatially Spatially gediDB GEDI
organized organized (TileDB) Toolbox
CSV files Geoparquet files (PostGIS)
Feature
requirements
Geospatial n
queries )
Data| § o) n n
updates ] ]
Functional
objectives
Speed § n n n
Storage| § n n n
efficiency i i i
Simplicity | n 6 n n
Safety| 6 n n n
Maturity | n n 6 n

3.5.1 CSV filescontaining pre-filtered GEDI data for each 1°x1° square of the earth

One approach to managing the GEDI data, implemented by Patrick Burns at Northern
Arizona University(Burns et al., 2024% was to download the global GEDI archive for 2019
2022 on a high performance computer, filter it, and sort it into CSV files containing GEDI data
for each 1°x1° chunk of the earth. This straightforward approach has two main benefits. First, the
data is shareable imaasily inspectablrmatthatany user can work with. Many ecologists
make heavy use of Excel and R and choose CSVs as their préilerfedmat for tabular data.

Second, lte file organization does not require a siAglachine database server but still offers a

2 Further details of the unpublished portion of this work can be found at
https://docs.google.com/document/d/1Xmcek8C_TmhCJ4sYvivOgkbiXP1Kah_ KrCkMqgU/edit
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rough spatial organization, with single files covering a compact region of the earth. Indeed, we
were able to use Apache Sedona witktlomfly spatial indexing to run theearby footprints
guerydescribed irBection3.4.2using these files andragh-memory(500 GB RAM)machine,
because nearby footprints were mostly contained within single files and the task was therefore
highly parallelizable.

However, the first benefit is also a serious drawback for large data processing &#ks.
files are not columnastore all data as stringand do not support-file indices. The lack of
columnar support means that the query engine must read all columns (100+ columns for the
GEDI data) instead of only those required by the query. Encoding all data as strings increases the
storage size foram-string types, especially booleans and floats, limits compression options, and
costs significant processing oveadeduring reads and writes for datatype conversion. Thus,
while CSV filesmay bea good choice for small datasetsey present significant additional
challenges in terms of code efficiency and correctnedariper dataset$-or example, the
nearby footprints query took several days to run using 15x parallelism, compared to ~10 hours
using PostGIS and 8x parallelism

We considered modifying this approach to use geoparquetfiesse opar qguet , 0 20
which would overcome the inefficiencies of CSVs at the expense of simplicity feexpertise
users. However, maintaining consistency for an iteratively updated dataset is not achievable
without managed storage. As a result, the entire GEDI cataloguid weed to be processed in
one sweep, and users would not be able to request that new subregions are persisted on demand.
In addition, publication of corrected data for a small subset of orbits, as took place in version 2.1
of the GEDI data, would requireprocessing the entire dataset. This approach therefore does not
meet our requirement3 §ble3-2).

3.5.2 TileDB: ongoing and future work

The GEDI toolbox is largely databaagnostic; while we chose PostGIS for its wide
range of features and relative maturity, the system design accommodates any geospatial database
in its place. Newly developed geospatial databases therefore offer proavismges to continue
to improve the GEDI Toolbox design. TileDB is a novel analytics database designed for
unstructured scientific daf@ileDB Inc, 2025) It uses a serverless distributed architecture that is
not limited to a single server and can instead scale compute power based on user queries. It does

not enforce readfterwrite consistency, which is reasonable for our use case, given that all
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writes can be orchestrated from a single source of truth and most activity-enigabhdeed,

Post GI S6s transactional semantics, while some
and make performant bulk writes challenging. TileDB supportsrrasid geospatial data; like

PostGIS, it uses an-Ree for spatial indexing. It also supports lemgning bulk data transfers,

which may make it easier to share a single database between research institutions.

In collaboration with Simon Besnard and Felix Dombrowski at GFZ Potsdam, we have
released a python package, gediDB, that extends the GEDI toolbox described in this chapter,
making use of TileDB as well as other optimizatifBesnard et al., 2025Ve are currently
continuing to test the performance of TileDB for complex downstream use cases. For example, it
does not yet have the geospatial query features needed to perform the query dessebtiohin
3.4.2 In addition, it is worth highlighting the value of the maturity of the PostGIS system when
considering the needs of our users. PostGIS has substantially more documentation available,
supports a wider range of geospatial queries and external conneatbingsafew bugs or
incompatibilities. This makes it relatively seamless for many users to pick up, even those without
a lot of prior coding experience. For now, TileDB does not yet meet all of our objedtatae (

3-2), but we are continuing to work towards feature parity between gediDB and the GEDI

toolbox described in this chapter.

3.6 Contributions
| authoredhis chapter, with editing from Srinivasan Keshawrdte the software fahe
GEDI Toolbox, which is available online lattps://github.com/ameliaholcomb/gedhtabasdt

makes use afode to query thBIASA MetadataAPl and parse granules that was releasetthéy
GEDI teamand adapted fdPython by Simon MathisAn earlyversion of this systerwas
released as part of the opsource software package for the publication of Chapter 4

(https://github.com/ameliaholcomb/biomasgovery, with contributions fronSimon Mathis,

Michael Dales, and Patrick Ferrisvan Palmer provided additional software engineering advice.


https://github.com/ameliaholcomb/gedi-database
https://github.com/ameliaholcomb/biomass-recovery
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4 Computational toolsfor assessing forest recovery with GEDI
shots and forest change maps

The following chapter begins to address the motivating questions of the thesis by
demonstrating the capability of GEDI, combined with Landsat data, to méasgiterm
changeg20-30 years) in youngegrowing forestsn the Amazon biome. It seeks to understand
how these forests affect global carbon fluxes by quantifying the rate at which they sequester
carbon during the early phases of regrowth. As an early paper performing L@d3batiata
fusion, it focuses heavilgn computational questions of how tariectly propagate uncertainties
through the data fusion process; how GEpécific uncertainties like geolocation error impact
the final results; and how to manage data fusion and uncertainty propagation at the scale of the
entire Amazon biome.

Thechapter was published Brience of Remote SensorgNovember 162023and is
presented here as it appears in the published fnmcitation of the published paper is

Holcomb, A., Mathis, S.V., Coomes, D.A., Keshav, S., 2023. Computational tools for assessing
forest recovery with GEDI shots and forest change maps. Science of Remote Sensing 8,
100106 .https://doi.org/10.1016/].srs.2023.100106

Abstract

Tropical secondary forests are ecosystems of critical importance for protecting
biodiversity, buffering primary forest loss, and sequestering atmospheric carbon. Monitoring
growth and carbon sequestration in secondary forests is difficult, with invehdtsyspmpling
<0.001% of secondary forests. The Global Ecosystem Dynamics Investigation (GEDI),-a space
borne LIDAR sampler, provides billions of aboveground carbon density (ACD) estimates across
the tropics. We fuse these carbon density estimates witleaseries of forest change maps to
identify their age since last deforestation and thus estimate the average rate of carbon
sequestration in secondary forests across the Amazon biome. To our knowledge, this is the first
estimate of these rates made ughmgnew GEDI dataset. Moreover, this paper addresses key
statistical and computational challenges of GEDI data fusion and analysis. We propagate both
GEDI ACD and geolocation uncertainty to the regrowth rate estimate through a Monte Carlo
approach, and wieandle heteroskedasticity, outliers, and spatial autocorrelation using robust

statistical methods. The large size of the GEDI dataset combined with the proposed Monte Carlo


https://doi.org/10.1016/j.srs.2023.100106
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bootstrap can be highly computationally intensive, with a naive implementation taking over a
month to complete. Nevertheless, we demonstrate the feasibility of our method by developing
optimized opersource code that performs this computation on the 1Bibmguality-filtered

GEDI shots available for the Amazon biome from April 20 igust 2021 irunder twenty

five minutesin benchmark tests. By resolving these statistical and computational challenges with
an efficient opersource pipeline, we create a standard approach that can be used more broadly in
any work seeking to combine the GEDI dataset with Wnégolution classication maps. Using

this approach, we identify approximat@$,000GEDI samples of regrowing forest at least

60 m x 60 m wide across the Amazon biome and estimate a carbon sequestration rate of
1.86MgC/halyr with a 95% empirical confidence intervallof5 to 1.9"MgC/halyr, with rates
varying from 1.27 to 1.99 MgC/ha/yr across smaller subregions.

4.1 Introduction

The tropics and subtropics have the potential to be the most effective regions for forest
restoration to sequester atmospheric cafBatts, 2011; Bongers et al., 2015; Lewis et al.,
2019) Secondary tropical rainforests that repopulate abandoned agricultural land also play an
important role in protecting biodiversi{iMatos et al., 2020and buffering against primary forest
loss(Wang et al., 202Q}ut monitoring regrowth and carbon sequestration in these young
forests is difficult at scale. Much of the pioneering research estimating the biomass recovery
rates of tropical secondary forests is based on forest inventory@lazdon et al., 2016; Cook
Patton et al., 2020; Poorter et al., 20H)wever, these plots may not be representative of forest
changes at regional scales, as sampling is biased towards easily accessible, somewhat protected
locations, and they sample only a tiny fraction of the trof#tsends et al., 2021,
ForestPlots.net et al., 2021; Poorter et al., 204&)jve remote sensing instruments, such as the
Geoscience Laser Altimeter System (GLAS) and multiple types of Synthetic Aperture Radar
(SAR), offer opportunities to estimate forest biomass recovery at continental and global scales
(Heinrich et al., 2021, 2021; Helmer et al., 2009; Santoro and Cartus, Blaigver, GLAS
and existing SAR sensors are suboptimal for robustitagblution biomass estimation, either
because they are too sparse, are affected by canopy water content, or saturate at relatively low
biomasgDubayah et al., 2020; Li et al., 2020; McNicol et al., 2018; Silva et al., 2021)

NASA's Global Ecosystem Dynamics Investigation (GEDI) is a LIDAR sampler mounted

on the International Space Station that offers the opportunity to measure Aboveground Carbon
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Density (ACD) at high footprint resolution and at gaopical scal§Dubayah et al., 2021a)

Since data collection began in 2019, GEDI has obtained forest structural information from
several billion 25meterwide circular LIDAR footprints. Each footprint, érs h oonsjsts of a
onedimensional continuous return waveform, which contains information about forest structure:
peaks correspond to laser returns from the canopy, understory, and ground. Models calibrated on
a global database of Aerial Laser Scanning (Albsgdery and coincident field plot data

translate these raw waveforms into biomassreategDuncanson et al., 202Z3EDI has

sampled 3D forest structure at billions of locations across tropical and temperate regions,
providing the information needed to map ACD in dense tropical forests. However, due to the
sampling design and short duration of the GEDI mission, feitg dfillions of shots coincide

spatially, so the capacity of GEDI to track biomass changes at individual locations over time is
limited. To understand lortgrm processes of forest recovery, it is therefore necessary to fuse
GEDI with a longrunning rema¢ sensing dataset to track the year in whichfiooested pixels

are first reforested. This paper develops new computational tools to perform that fusion, allowing
us to measure the rate of carbon accumulation in secondary tropical forests.

The spatiotemporal sparsity of GEDI has been partially addressed by prior work that also
fuses GEDI data with lonterm and waklto-wall remote sensing datasets to measure forest
changes. The gaps between sparse GEDI samples have been interpolatechdSagitreagery
to create a watto-wall 30 m resolution canopy height map for a single yRatapov et al.,

2021) GEDI data has also been extended temporally by integrating it with the Visible Infrared
Imaging Radiometer Suite sensor, producing time series data from 2013 to 2022 for canopy
height and other forest structure variables in US fo{@&thmawi et al., 2022Dvercoming the
spatial and temporal sparseness of GEDI data to study disturbed and regrowing forests
specifically is an area of active research: random forest models have been applied to LandSat
spectral indices with GEDI as ground truth to predict anbigghass changes caused by charcoal
production and subsequent regrowth in the-ldamass forests of MozambiqUeang et al.,

2023) GEDI data has also been used with a local forest age map and@ptwce substitution

to study the rate of forest height recovery in the Brazilian state of Ronddvia | enkovi | et
2022) However, when fusing GEDI with other sensors, prior research has not fully addressed
some significant statistical challenges. These include (a) propagating uncertainties when doing

GEDI data fusior{Roy et al., 2021)(b) handling heteroskedasticity, spatial autocorrelation, and
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extreme outliers, and (c) the computational challenges of large spatial scale and long temporal
extent. These research gaps motivate the methodological contributions of our work.

In this paper, we use GEDI ACD estimates from across the entire Amazon biome to
calculate rates of forest recovery in small patches of deforestedGfieax 60 m wide using a
spacefor-time substitution approadPickett, 1989)We identify the forest age at each GEDI
shot location by pairing GEDI with an Annual Forest Change (AFC) classification map of
deforestation and recovery for the years 19831, which is based on multispectral imagery
from LandSa(Vancutsem et al., 2021\We then model ACD as a function of recovery age
across the Amazon biome to estimate the carbon sequestration rate of secondary forests.

Our work addresses three key methodological challenges encountered when combining
individual GEDI shots with higinesolution forest change maps to estimate forest recovery. First,
the 25 m diameter circular GEDI samples have geolocation error and d@gngiexfectly with
the 30 m x 30 m square pixels of the Land&sted AFC map. As a result, overlaying the two
datasets introduces uncertaifRoy et al., 2021)n addition to the uncertainties in the data itself
(e.g. ACD model prediction uncertaiBubayah et al., 2021a)Our approach propagates both
ACD and geolocation uncertainty using a Monte Carlo method, and can be generalized to
incorporate other uncertainty estimates available for the underlying maps. Second, the GEDI and
AFC datasets are both noisy, with hetesakdsticity, spatial autocorrelation, and outliers that are
not handled by many standard statistical methods. We introduce statistical techniques from the
econometrics literature to account for heteroskedasticity and autocorrelations in the data and
generag an empirical confidence interval. Third, with 151 million quafiiered data points
comprising over a terabyte in raw data files for the Amazon region alone, highly efficient
processing is required. While the Monte Carlo and modeling methods claoskea c
computationally intensivé ourtests suggest that it could take nearly a month to obtain 100
parameter samples for a model covering the Améasa design and implement an efficient
opensource pipeline that completesunder twentyfive minutesin benchmark tests. We
observe that these problems of data and geolocation uncertainty, noisy and heteroskedastic data,
and large computational size are not specific to measuring regrowth rates in secondary forests;
they will be present in any work seegjito combine individual GEDI samples wahhigh
resolution discrete classification map. Thus our work is more broadly applicable beyond the

current context.
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Our work makes two major contributions. First, from a methodological perspective, we
develop a general computational approach to address the three problems described above.
Second, we use our methods to estimate the rate of forest regrowth in the Anoazenviie
identify over 23,000iltered GEDI ACD estimates that coincide with undisturbed regrowing
forest patches60m x 60 m wide across the region. We find a regrowth rale8&MgC/ha/yr
in these young<23-yearold) regrowth forests. The 95% empaiconfidence interval on this
regrowth rate is between75 and 1.9MgC/halyr, though we discuss additional uncertainties
that we cannot account for. This is in line with previous remote sebasgf estimates
(Heinrich et al., 2021 )ut lower than those found in plbased studie€ook-Patton et al.,

2020; Pan et al., 2011; Poorter et al., 20¥%¢ break down these results across areas with
similar environmental conditions, finding that this regrowth rate varies from 1.27 to
1.99MgC/halyear across four regions of Brazil. These estimates, which are the first to be made
across the Amazon biome using the GEDI AGBD measurements, contribute to knowledge of

recovering forest dynamics in this region.
4.2 Study area and remote sensing datasets

4.2.1 Study area

We define our study area as the Amazon bioRigufe4-1), which is dominated by
evergreen tropical moist forest, including both floodedteng firmarainforest. The biome is
characterized by low seasonal temperature variability and high (> 200 cm) annual rainfall
(Vancutsem et al., 2021rom 19962021, the Annual Forest Change map indicates that more
than 14% of undisturbed forest has been lost in the Am@surchle et al., 2022aHowever,
the region's high natural regeneration potential as well as recent commitments to halt illegal
deforestation there have drawn attention to regrowing forests in the (Bgiochle et al.,
2022a)

In addition to considering the regrowth rate across the Amazon as a whole, we also
examine the regrowth rates in four broad subregions of the Brazilian Amazon Biguone (
4-1). These regions were identified by prior work studying regrowth rates in the Brazilian
Amazon based on their similar climatic characteristics, including Maximum Cumulative Water
Deficit, annual average downward shortwave radiation, and annual averagégirecip

(Heinrich et al., 2021)The original regions cover all the Brazilian Amazon and thus extend
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beyond the Amazon biome in the south; we clip them to our study area. The east and southeast of
the Amazon are characterized by lower precipitation, more nup@ortsoils, and higher rates

of deforestation along the AArc of Deforestat
the east, down to Mato Grosso and Ronddnia in the gHeihrich et al., 2021; Smith et al.,

2020) The north and west of the Amazon is generally more remote, with less deforestation over

the study years. The forest soils in the west are more nudigssie due to their proximity to the

Andes, particularly in the limiting nutrients of soil phosphorous and nitr@gercado et al.,

2011)
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Figure4-1 Top: The Amazon biome study region with the Annual Forest Change map classes for the year 2021 in
the background. We include regrowing tropical moist forests across the Amazon biome in our &uwttgsis.

Four subregions of the Brazilian Amazon previously identified based on their similar environmental conditions
(Heinrich et al., 2021)
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4.2.2 GEDI mission and data

In December 2018, NASA launched the GEDI mission, an ¢ighk LIDAR altimeter
mounted on the International Space Station, to survey vegetation structure and biomass at global
scale(Dubayah et al., 2020The mission focuses on temperate and tropical forests, covering the
region betweer51.6 degrees latitude. The instrument's single primary output is the full
response waveform from the terrain covered by each laser psifs#d). The ground is captured
as low peaks in the response waveform, while the vegetation structure and canopy are
represented by higher peaks. The sensor does not provideta-wall data map: each shot
measures a 25 m diameter circular region, and this sine spaced 60 m apaldrag a track. The
instrument includes two full power lasers and one coverage laser, optically dithered to create
eight parallel sensor tracks 600 m apart.

Our work uses the Level 4A GEDI product V2 (L4A), which provides aboveground
biomass density estimates for each GEDI $Boncanson et al., 2022)hese estimates are the
output of parametric ordinary least squares wavefloriviomass models that use relative height
(RH) metrics from GEDI Level 2A as predictors. TitteRH metric represents the height above
GEDI-detected ground below whic% of the waveform energy has been returned. The GEDI
science team developed different models for each stratified combination of plant functional type
(PFT) and region, selecting the bpstforming model for each stratum from an exhaustive set of
candidatenodelswith different relative height predictors and their tway interaction terms
(Duncanson et al., 2022)he models were calibrated and validated using the GEDI Forest
Structure and Biomass Database (FSDB), a large collection of public and private datasets that
have field plots with coincident Aerial Laser Scanning (ALS) LiDAR.

In our study region, the L4A product uses the biomass model for Evergreen Broadleaf
Trees of South America. As of the version 2 data, this is the mostepe#isented PFTiegion
stratum in the GEDI FSDB, with 3441 training samg@sncanson et al., 2022)he selected
parsimonious model for this stratum uses squaretransformed RH50 and RH98 as predictors,
and has a reported mean residual error of 10.4 M@btacanson et al., 202Z)he biomass
density for each footprint is reported in the L4A product figlish, and the uncertainty
estimates, which are based on the covariance matrix of the model parameters, are reported in the

field aghd_se. However, these uncertainties may be conservative, as other research has found
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sources of bias and uncertainty that vary according to the algorithm setting group used to identify
the ground return, the terrain slope, the beam sensitivity and power relative to the canopy density
and solar radiation levels, and the availability of llycealibrated AGBD model¢Bruening et
al., 2023; Oliveira et al., 2023)

We perform an initial level of quality filtering according to NASA's provided quality
flags (Kellner et al., 2021)First, we omit all shots for which the L4A biomass estimation
algorithm cannot be ruraorithm_run_flag = 0), either because the landcover type was assessed
as urban/notfiorest or other data quality problems were present. Second, we require that neither
the underlying L2A data nor the L4A shot is marked asdomality (4_quality flag = 1,
12_quality_flag =1). Finally, we require that the shot is not marked as degradgdde_flag = 0),
meaning that it was not taken during a period in which sensor problems were detected, including
periods in which the GEDI sensor was suffering from poor geolocation accuracy (error >> 10.2
m). At the time of our analysis, the version 2 Level 4A product offers an AGBD estimate for 167
million GEDI shots across the entire Amazon biome. Of those, approximately 90% (151 million)
are usable after filtering for GEDI data quality. Finally, in oarky we multiplyagbd by 0.47 to
obtain an estimate of Abovegrou@a@rbon Density (ACD§Martin and Thomas, 2011)

4.2.3 Forest change history

We use the Annual Forest Change (AFC) maps develop@ddmgutsem et al., 2021)
which cover tropical moist forests globally, to track the history of forest cover changes. The
basis of the AFC dataset is a ypixel classification of Landsat images from 1981R0. Each
valid pixel observation (without clouds, cloud shadow, haze, mosessues) is classified using
an expert system as either moist forest cover or potential disruption. The temporal sequence of
these classes is used to classify each pixel further into one of seven transition Elgases (
B1). Our research makes use of the disturbance, deforestation, and regrowth classes provided in
the AFC maps. A moist forest pixel that changes to potential disruption over a short timescale
(< 2.5 years) is classified in the AFC maps as a pixel of fdisgirbanceA potential moist
forest pixel that changes to potential disruption over a long timescale (> 2.5 years) is classified as
deforestationA pixel that has a minimum of three years of moist forest cover following a

deforestation is classified asgrowthforest. The AFC dataset provides additional transition
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classes and special rules for handling the beginning and end of a temporal sédaerogtsem

et al., 2021)which we do not make use of in our work.
4.3 Methods

4.3.1 Overview

In this work, we seek to analyze the recovery rate of young regrowth forests in the
Amazon biome. One natural approach would be to measure young forests repeatedly over 20+
years and model the relationship between carbon density and age over time. Houest@its
limited period of operation, GEDI does not have the temporal range to track the recovery of
individual forest regions over long time scales. Moreover, its sampling strategy means that there
are limited coincident footprints available. Instead,use spacéor-time substitutior(Pickett,
1989) a popular technique in ecology in which contemporaneous differences in a variable of
interest found across space are used to model the changes that have unfolded over a long
running, unobserved time period. Remote sensing issumékd to this type ofralysis, because
we are able to leverage the broad coverage of satellite datasets to find many samples that differ
in the variable of interest.

In particular, we use the AFC maps to derive forest age at each pixel location identified
as undisturbed recovering forest (SecdoB.d. We then match each GEDI footprint with an
AFC recovery age to obtain a dataset of (age, biomass) pairs across the study region (Section
4.3.3. We perform a regression of GEDbserved forest biomass (converted to ACD) against
AFC-estimated recovery period to understand how carbon density increases with forest age,
modeling the carbon sequestration in secondary forests across the regioe tagtrttho
decades (Sectioh3.4.

This analysis is complicated by propagation of uncertainties through the model, which
necessitates the development of a novel computational and methodological apfigaeh (
4-2). In Sectiord.3.3 we describe the complexities introduced into the GEBC fusion and
matching by GEDI's geolocation and data uncertainties, and our proposed Monte Carlo method
for propagating these uncertainties through to the final results. In Sécidnwe describe the
statistical model we use to handle heteroskedasticity, spatial autocorrelation, and outliers found

in the fused dataset. Finally, because the proposed Monte Carlo approach can be prohibitively
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computationally intensive at continent scale, we develop a fastsmpgoe pipeline for

performing the analysis (Sectidi3.5.
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Figure4-2: Flowchart defcting the proposed method for modeling the empirical confidence intervals of a regression
model based on fused AFC and GEDI datasets whilst propagating uncertainties, robustly handling heteroskedasticity
and outliers, and accounting for spatial autocoticia.

4.3.2 Recovery age estimation

We estimate the age of each forest pixel identifieiregrowtto in the AFC maps based
on the number of years since the pixel was last deforested. We remove pixels which may have
suffered additional disturbance or deforestation during the regrowth period, because these pixels
would artificially lower the forest regroWwtrate. We identify periods @bntinuous undisturbed
recovery which we define as a pixel that meets the following conditions:
1. The pixel is classified as regrowth in the AFC dataset. Note this implies that the

AFC dataset classifies the pixel as current tropical moist forest.
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2. The pixel has been classified as deforested before this year. This means we
exclude pixels that transitioned from the clésther land coverto firegrowtlo.
3. The pixel has not been classified as disturbed since it was last deforested.
If these conditions are true, the pixetovery periods the number of years of
undisturbed recovery since its last deforestation.
We exclude all recovery periods longer than 22 years from our main analysis, as such
long recovery periods rely on only a handful of observed values from the early Landsat 4 and 5
missions, which have comparatively low observation quality. We also exaadeery periods
under 3 years. The AFC classification algorithm uses different rules to classify these recent
deforestations and requires a longer period to determine if the area has since started recovering.
Moreover, the annual resolution of the AFC mapakes them unreliable for young ages; a
recovery period of 1 or 2 years may have up to 50% error depending on the month in which

deforestation took place.

4.3.3 Data and geolocation uncertainties

Fusing GEDI data with highesolution (e.g. 30 m x 30 m) discrete maps such as the AFC
maps poses two unique problems for propagating estimation uncertainties. First, GEDI shots
cover a 25 m diameter circle that does not align with square pixels, and sé@GEDI shot
location is known to have error. A naive algorithm might match a GEDI shot with the single
pixel containing its reported location. However, this pixel may not cover most of the area
captured by the GEDI shot; indeed, there may be nealighsa chance that a different pixel
covers most of this are&igure4-3). Modeling these effects is difficult and, depending on the
application, may substantially affect the results of the anglReig et al., 2021)For example,
forest recovery age maps contain discrete values and may have high variance in the ages reported
by adjacent pixels, including disagreement as to whether the area is in fact recovering. This
variation may reflect real edges in frequesitlggmented secondary forests, or noise and
misclassifications in the underlying maps. As a result, a small change in shot location can

correspond to a disproportionately large change in the identified recoveryiqgeB2).
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30m I0m

Figure4-3: The process of overlaying a 25 m diameter GEDI shot on a 30 m x 30 m landcover map derived from
LandSat introduces uncertainty. Left: The reported location of a GEDI shot (black dot) surrounded by an orange
circle showing the GEDI product's 10.2 g, geolocation error. The green circles (25 m diameter) show a few
possible locations of the GEDI shot where the geolocation error equals 10.2 m. A naive algorithm would match the
GEDI shot with the central pixel, though there is a higher chance that thesB&ixaptured mostly an area outside
that pixel. Right: A random sample (modeled as a 2D Gaussian, contours shown in green) of possible GEDI shot
locations, which we use to sample the distribution of recovery ages that the shot could be matched with.

In summary, the effects of GEDI geolocation error on the AFEDI matching process
and the resulting regression model parameters is difficult to model in closed form. In order to
propagate these uncertainties, we therefore propose a Monte Carlo apptpkallye
modelling the distribution of biomass and age for each shot and repeatedly drawing at random
from both distributions. We then run a regression model on each of the generated datasets, and
use the final parameter distribution to report the megression parameters and their empirical
confidence intervals (Supplemes®).

In particular, for each GEDI shdfwe model the biomas® as a normal distribution
around the reported biomass)(using the peshot standard errofYO estimates provided by
the GEDI Level 4A product) * 0 wh™0O 8We note that this standard error estimate may
be conservative, as recent studies have found evidence of uncertainty and bias that are not
accounted for in the Level 44gbd_se value(Bruening et al., 2023; Oliveira et al., 2023)

The AFC maps do not offer perxel classification uncertainties, and the omission and
commission errors reported in the paper are not at a suitable resolution to directly propagate

these uncertaintigancutsem et al., 2021 owever, since the AFC classification algorithm
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treats each pixel independently, we use thepperl classifications from a small neighborhood
around the GEDI shot as a distribution of possible values for the recovery state and age of this
small patch of regrowth forest. Specifically, we model the G&Hdi location, Ohd as a
bivariate Gaussian (normal) distribution, with mean centeregbkab , the reported shot
location in the L4A data product, apd p & & (Dubayah et al., 2021a)Ve make the
assumption that the variance along the longitudinal and latitudinal directions is equal and
independent. In other words,
@ 0 i Wé
® w 1i Qe
where the geolocation error distance in meters is sampled from a normal distribution
ix O nfp & , and the direction of geolocation error in degrees is sampled from a uniform
distribution—D Y 1o @ TWe model the recovery age (A) by the age of the AFC pixel that
contains the sampled location. We denote the function which selects the value of the pixel
containing a given point @ . Thus,0 D &MY , or the distribution of pixel recovery ages
that the GEDI shot matched with across simulations of the possible GEDI shot locations. Using
these distributions, we draav  p Tt T{age, biomass) samples for each GEDI shot. Finally, we
convert biomass to ACD using the formula described above; hereafter we will refer to these

¢ generated values per shottagage, ACD) datasets.

4.3.3.1 Recovery filtering

One simple way to filter the GEDI shots for those that correspond to recovering forest is
to check whether the pixel that contains the GEDI shot is classified as recovering. However, as
discussed above, this naive approach does not appropriately acealatafand geolocation
errorsMi | e n k o (2022)requite that kll the surrounding pixels also classify the area as
recovering forest. In this approach, while the bordering pixels agree that the area is recovering,
they do not necessarily agree on the age of recovery. We propose using the Monte Carlo
distribution of ages to flexibly filter shots based on the level of agreement among surrounding
pixels, by filtering based on the standard deviation of the age distribution. Specifically, we
consider a GEDI shot to be recovering forest if, across all santipdesiatched AFC pixel is
classified as recovering forest. Then, we filter for GEDI shots with a recovery age distribution

standard deviation under We usd as a tunable parameter that allows us to trade off between
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the quality and quantity of data, and we show the results of varym§upplemenB7. This

filtering approach does not remove all potentially incorrect AFC classifications, as classification
errors are likely to be spatially autocorrelated, leading to neighborhoods of incorrectly classified
pixels. However, it can remove some classifmagrrors that are marked by high variability in

the AFC maps; it also reduces local forest heterogeneity that might lead to inconsistencies in the
GEDI-measured AGBD.

4.3.4 Statistical modelling with outliers, spatial autocorrelation, and unequal variance of
residuals

Given¢ Monte Carlo simulations of (age, ACD) pairs, we apply a regression model to
each of these datasets to estimate the rate of recovery. We folowk-Patton et al (2020h
assuming that biomass accumulation follows a roughly linear trajectory during the first 20 years
of growth. Simple linear regression responds poorly to the presence of outliers, which are
frequent in our dataset (Sectidrb.3, and it assumes equal variance throughout the range of the
data (i.e. recovery ages), which we do not observe (Setdod. We therefore use median
guantile regressiofCade and Noon, 2003; Koenker and Machado, 1998ith is robust to
outliers and does not assume equal variance throughout the range. We discuss alternatives to
guantile regression in Supplem&8.

To examine the fit of nonlinear models for recovery, especially at higher ages, we also fit
a piecewise linear model using #wgmented package in RMuggeo, 2008)a log model, and an
exponential model. Because these models do not handle heteroskedasticity or outliers, we only
fit the model to the median ACD of each age group, and we do not propagate uncertainties. In
these comparative analyses, we include thefdaiges over 22, in which we expect the growth
rate may no longer be linear. These higher recovery ages are based on older LandSat missions
with fewer observations and lower quality image data; they may be less reliable than newer
measurement®/ancutsem et al., 2021)

In addition to the heteroskedasticity described above, studies of forest ACD find spatial
correlation at ranges of up to 120 KRioton et al., 2020)As a result, regression parameter
uncertainties should take these nonstandard dependencies into account. We draw on techniques
from the econometrics literature, which proposes the use of Spatial Heteroskedasticity and
Autocorrelation Consistent (SHAC)tamation to compute regression parameters and their

variancecovariance matrix. Fast asymptotic approximations for SHAC covariance estimators
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have not yet been developed for quantile regreg&atvao and Yoon, 2021; Muller and

Watson, 2022, 2021Without an analytic solution, we approximate the parameter distributions
empirically, as ifKim and Sun, 2011using the wild bootstrap meth@diu, 1988)adapted for
guantile regressioffFeng et al., 2011We note that while the wild bootstrap is not proven to be

fully robust to spatial autocorrelations, it is robust to unknown heteroskedagtinityt 988)and

is a recommended bootstrap method for geospatial regression models with a spatial dependence
structure(Tran and Tran, 2018yVe select at random 100 of the fused (age, ACD) datasets
generated above, and for each we simulate 10 samples of the regression coefficients using the
wild bootstrap. We use these 1000 coefficient estimates to report an empirical confidence

interval.

4.3.5 Computational efficiency

Performing this data fusion with propagated uncertainties is difficult at continental scale.
The qualityfiltered GEDI data for 2012021 covering the Amazon biome alone comprises 151
million shots, which are initially accessed by downloading 1.5 TB ofgranule data. Due to
the nature of the errors described above, which are not easily characterized in closed form, we
are constrained to empirical methods like the combined Monte Carlo and wild bootstrap
approach proposed above. While this approach igfeeand accurate, it adds substantial
complexity to an already computationally expensive task. With limited parallelism, a single
complete model run across the Amazadncludingloading the GEDI shots and Annual Change
maps, computing pggixel recovery ages, matching each GEDI shot witblbbcatedpixel, and
bootstrapping the regression model paramétémsk over six hours in early tests. (All
benchmark tests were run on the compute system described in Sup@dmétunning the
model 100 times would therefore take nearly a month. Moreover, simply loading all of the GEDI
shots and recovery rasters simultaneously would require hundreds of gigabytes of memory.

In order to efficiently perform this computation, we develop an efficient, parallelized
Apache Spark pipelin&aharia et al., 2016Dur pipeline FigureB5) relies on two insights.
First, processing each GEDI shot and recovery age only requires knowledge of a small
neighborhood of pixels around the shot, even with a randomized normally distributed GEDI shot
location. We can therefore split the computatioatisfly and distribute these spatial segments to

many different workers to process in parallel. Second, vectorized computation (replacing explicit
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loops with array expressions) is fast in Python, such that processing the data reqgired for

model runs is not significantly longer than a single model run if the computation is performed as

a single operation on a vector of data. Processing the datadomalliel runs together also takes
advantage of data locality and means that we do not need to repeat shared processing steps, such
as loading the AFC rasters and GEDI table. Our pipeline therefore frontloads the data processing,
generating all the data thaight be used for running models as a vectorized computation
distributed across small spatial regions. This data is saved to disk so that later stages of the
pipeline can adjust the filtering and sampling strategies or the specific model to be fittad witho
regenerating this data. We provide an gpeuarce implementation of this data processing

pipeline, which we describe in more detaiSapplemenB5. The pipeline can be flexibly

distributed across computer clusters with different numbers of computers and different amounts

of memory and CPU resources available per machine.
4.4 Results

4.4.1 Amazon forest recovery estimate and uncertainties

We find a regrowth rate of 1.86 MgC/hal/yr in young (< 23 year old) secondary forest
based on regression models with a low but-pero intercept around 4.95 MgC/figure4-4).
The 95% confidence interval is froin75 to 1.91FigureB10), but we recognize additional
uncertainties and biases that we cannot account for (Sdctidh The greatest contributor to
this uncertainty at the scale of the entire Amazon region is model estimation uncertainty. The
regrowth rate varied across the four subregions, from 1.27 MgC/hal/yr in the Northeast &

CentratNorth region to 1.99 MgC/ha/yr ithe Southwest & Central region.
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Figure4-4: Boxplots of ACD for each recovery period, with the median quantile regression line overlaid in green.
Top: Amazon biome as a whole. Bottom: Recovery in each of the four subregions shéguréd-1. Red shading
indicates the 95th percentile empirical confidence interval calculated based on a distribution of bootstrapped
parameters. The boxplots are drawn based on the mean ACD and modal recovery age value for each GEDI shot.
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4.4.2 Heteroskedasticity and the quantile regression model

We find over a hundred GEDI shots in each age group, though there are more recovering
forests at younger age groups than older ones; this reflects repeated deforestation in secondary
forests. Around half of shots are 6 years old or younger and aroundf&fdt® 11 years old or
younger. There is a trend of increasing biomass with longer recovery periods, though there is
also wide variation in ACD at all forest ages (FigB&). ACD is heteroskedastically distributed
througlout the range: younger forests have ACD more tightly centered around low values (under
20 Mg/ha), while older recovering forests show wider biomass variation. This trend is also
identified byPoorter et al (2016)he peak ACD density in each age group increases with longer
recovery times, as expected (Fig&®).

Based on largscale analysis frorGook-Patton et al (2020)we expect growth rates to
be roughly linear during the twadecade timescale studied here. However, there is some evidence
of earlier ACD saturation, which is visually evidentHigure4-4. We therefore also fit
piecewise linear, exponential, and logarithmic models to the fufiedr duration of LandSat
data for which AFC maps are availablegure4-5). These models do not handle
heteroskedasticity or outliers, so we fit them to the median ACD of each age group and we do
not propagate uncertainties. The piecewise model finds an optimal breakpoint as early as 14.6
years of age, with a high growth raB33 MgC/halyr) prior to this breakpoint, and a lower rate
of carbon accumulation (0.34 MgC/halyr) after it, suggesting that ACD saturation may start well

before 20 years of age in some recovering forests.
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Figure4-5 Nonlinear curves (left to right: piecewise linear, logarithmic, and exponential) fitted to the median ACD
of each age group based on the fuly&ar duration of AFC data. Fitted coefficients are shown on each graph. The
gray shading indicates recovery jpeis that are based on early LandSat missions with less reliable data; these years
are not included in the main analysis.
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We find that the strategy used to filter the GEDI shots also has a substantial effect on the
model. We test three different filtering strategies, each requiring greatenagnt among
adjacent AFC pixel recovery ages. We show the results of quantile regression for each of these
filtering strategies in SupplemeB¥. The results shown for the entire Amazon biome are from
thefhigho level of filtering in which GEDI shots are only included if they are identified as
recovering in all samples, and the standard deviation of their age distribution across the samples
is zero. For the subregion analysis, whirigho filtering results in fewer than 50 data points in
some year groups in the Northwest, we insteadisaliund filtering in which the standard

deviation of age distribution across sampleS1s

4.4.3 Spatial structure and autocorrelation

Overlaying the qualitfiltered GEDI shots with the AFC dataset identifies aroR800
that correspond to areas of undisturbed recovery. These shots have a spatial distribution
following thefAArc of Deforestation (Smith et al., 2020bhroughout the southeast and the
Amazon river Figure4-6). There are deviations in the regrowth patterns across these regions,
such as persistently low biomass throughout the first six years of recovery in the more heavily
degraded and nutriepbor Northeast & Central North region. We also find evidence diadpa
correlation in the model residuals at long lags of over 100 km, and nontrivial correlation patterns
at higher lags (FigurB3).

4.4.4 Computational efficiency

We benchmark the computation by splitting it across 32 individual cores with 8 GB
memory each, and one Adrivero core with 32 GB
each of which must be completed by all 32 tasks before the next stage can.prbededt
stage, which generates the Monte Carlo sample, takes 20 minutes for the longest task, with task
times ranging from-20 minutes $upplemenB11). The second stage performs GEDI shot
filtering and takes under a minute. The third stage fits the quantile regression model and runs the
wild bootstrap. It takes under two minutes for thegho level of filtering described here, but the
benchmark varies substantially depending on the number of filtered GEDI shots. Rowiine

level of filtering, it takes 20 minuteS(pplemenB11).
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Figure4-6: GEDI shots corresponding to recovering forest in the study region (purple outlipe)Colored by
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visuali zat i on -rindatdsdt ta {hesneeancACD Jalee atdXHe modal recovery age for each GEDI
shot.
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45 Discussion

4.5.1 Amazon forest recovery estimates

Using this computationally efficient approach, which robustly handles outliers and
heteroskedasticity while propagating underlying uncertainties in ACD and geolocation, we
generate a new estimate of forest recovery rates across the Amazon that is loywss\ioas
field estimates, but similar to recent work using remote sensing (BaB)ePan et al (2011)
report the average carbon accumulation rate in the tropical regrowth forests of the Americas as
4.67 MgC/halyr with &50% uncertainty, though this uncertainty is based on expert opinion, not
statistical properties of the estima®aorter et al (201&stimate a rate of 3.08gC/halyr after
twenty years, an@ook-Patton (2020yeport an average of 3.37gC/hal/yr. These studies differ
in other ways from ours; for example, CeBktton et al consider all tropical moist forests of
South America, not just Amazonia. They are also all based on plot data, with small sample sizes
of at most 3100 plots globally.udresults are more in line with thosertdinrich et al (2021)
who also use a purely remote sensing approach and find regrowth rates ranging£r6r@ 1.3
MgC/hal/yr to 3.Gt1.0 MgC/halyr in four broad ecoregions of Brazil. (We base our four
subregions on this study, but clip them to our study area in the Amazon biome.)

There may be some plot selection bias in thelpdsted studies, which tend not to target
areas of highntensity repeated degradation that are prorsrested successidnalong
suppression of recovery trajectories due to, for example, a depleted soil seed bank or diminished
nutrient availability(Goldsmith et al., 2011; Poorter et al., 20Me found evidence of arrested
succession in the Northeast & Centidrth region particularly, with low biomass accumulation
for around six years following the start of recovery. Our remotely sensed estimates across the
Amazon thus present a sample diat sequestration in regrowth forests, rather than a
potentially higher estimate of the sequestration that is achievable under the growing conditions
of plots selected for monitoring. At the same time, repeated monitoring may help ensure
undisturbedeco\ery, while our analysis may erroneously include areas that experienced small
scale anthropic degradation not identified in the AFC dataset. Further work is needed to

disentangle the causes of these estimation differences.

4.5.2 Sources of uncertainty
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The processing pipeline described in this paper is flexibly designed to robustly propagate
uncertainties when combining high resolution discretieed maps with GEDI shot data. The
confidence intervals presented here incorporate uncertainties from GHDEst{nation,
geolocation error, and model parameter estimation, and it would be straightforward to introduce
other sources of data uncertainty when they are available. Alternatively, synthetic values can be
used to estimate the impact of different eripes on the final confidence intervals. Our pipeline
provides an efficient platform on which to perform this analysis. Sources of systemic bias,
however, are not currently represented; this is a key limitation of the current work. For example,
we do not tke into account model selection and calibration bias in the GEDI biomass model or
systemic biases in the selected forest change map. Of particular note, the GEDI biomass
allometric model is based primarily data collected in mature forests and may bevihased
used in regenerating forests.

Another source of systemic bias that is not reflected in the uncertainties is the filtering
strategy used to select the d¢tavli | e n k o v i [find éhat filtering for GED0 sh@s)in
which all nine surrounding pixels are classified as recovering (roughly analogousitovar
level of filtering) is necessary and brings down the regression intercept while increasing the
slope. We find that filtering for age agreement further decreases the intercept and increases the
estimated regrowth rate. There are both ecological and istestplanations that may be
contributing to this effect. On the ecological side, the filters may be reducing the ndmber o
samples that come from true forest edges and repeatedly deforested areas, which may be slower
to regrow(Goldsmith et al., 2011 Btatistically, the filtering reduces uncertainty in the x
variable, which reduces regression dilution i§@arroll et al., 2006)We test reduced major axis
regression, which appropriately handles uncertainty in the independent variable, and find the
results to be very similar to our results using quantile regression, with only dysfimjter
regrowth rate (1.90 MgC/ha/yr versb86MgC/halyr, Supplemeri28).

Finally, spacdor-time substitution has limitations that may affect the measured regrowth
rate. It assumes that sample composition is similar across different age groups; this assumption
would be violated if there were differences between forests thahlibgir recovery in different
years. We restrict our study so that it does not try to examine different forest types, working only
in natural tropical rainforests in the Amazon biome that have been deforested and then left to

regrow without additional diarbance.
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4. 5.3 Characterization of outliers

Our approach employs a quantile regression model that is robust to outliers in the data.
We are also able to characterize these outliers in order to reveal inconsistencies between the
GEDI and AFC datasets and the limitations of using these dataseter@uatgd Monte Carlo
dataset allows us to identify GEDI shots that have improbably high or low biomass given their
age across all Monte Carlo samplegy(ire4-7). We identified around 1500 shots (6.4%) that
fall in areas the AFC dataset identifies as 6+ year old recovering forest but containzaliraost
ACD according to the GEDI measurements. There are also around 900 shots (3.7%) that the
AFC dataset reports as ygi(3 year old) recovering forests, but that GEDI measures as having
high carbon density (> 100 MgC/ha). This is relatively high given that it represents only one
heuristic for detecting inconsistencies but is slightly greater than the overall repootedierin
the AFC disturbance mapping (8.6%). Moreover, we found GEDI shots wittzeeaACD
across all recovery periods.
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Figure4-7: A total of 10.1% of qualityfiltered shots show substantial disagreement between the GEDI and AFC
datasets. In red, GEDI shots with ACD <1 MgC/ha in areas that the AFC dataset identified as recovering forest 6+
years old. In blue, GEDI shots with ACD >18M@C/ha in areas that the AFC dataset identified as young (3 year

old) forest. The study region is shown by the purple outline.
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We hypothesize that, while some of these samples may be due to incorrect GEDI ACD
estimation, others may be AFC misclassifications duspectral confusiomin which pasture or
cropland is incorrectly identified as recovering for@aines et al., 2020 he discrepancies are
particularly concentrated in the state of Para in the northeast, which has been subject to heavy
and repeated deforestation, degradation, and agricultural conv@i&ioiadl Resources Institute,
2014) The presence of these discrepancies highlights an important opportunity for future work
to improve the quality of the AFC classification algorithm based on-iwitine GEDI
measurements and our sensor fusion technique. GEDI height and biomass estimbéessed
to train better pixel classifiers for forest degradation and deforestation, which can continue to

inform more accurate forest transition maps after the GEDI mission ends.

4.5.4 Heteroskedasticity and spatial autocorrelation consistent estimation of model

parameters

We make use of the wild bootstrépu, 1988)to estimate model parameter confidence
intervals in a linear model under conditions of heteroskedasticity and spatial autocorrelation.
This approach draws on methodologies used in econometrics and bios{@iahe® and Yoon,
2021; Muller and Watson, 2022, 202ahd has sometimes been used to work with spatially
autocorrelated data in the environmental science literéilope et al., 2009)The wild
bootstrap is appealing because it does not require explicit estimation of the spatial
autocorrelation structure, such as through a semivariogram, nor does it rely on the assumption
that spatial autocorrelation is insignificant after a certajr{fartin and Dale, 2005However,
while it is demonstrated to be robust to unknown forms of heteroskeda@tiaityt 988) it is
computationally intensive and does not fully account for spatial autocorrelations. Fast analytic
approximations for model parameters and their vari@os@ariance matrices (referred to in the
literature as Spatial Heteroskedasticity and AutocdioglaConsistent estimators, or SHAC
estimators) have only been created for a small set of statistical models and autocorrelation
assumptions. We hope that recent interest in the technique and its broader adoption will lead to
the development of more gene&HAC estimators; if one were available for quantile regression
under assumptions of spatial autocorrelation it would improve our uncertainty estimates and

reduce our pipeline runtime by up to 50%upplemenB11).
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4.5.5 Computational generalizability

In this paper, we design a computationally efficient pipeline to overlay GEDI and AFC
maps while robustly propagating uncertainties. The pipeline design is flexible so that the analysis
can be repeated or extended in other contexts. We demonstrate conl mette Amazon, but
the GEDI dataset and AFC maps cover all of the world's tropical forests. Our method is able to
account for geolocation error without relying on access to coincident ALSHktaock et al.,

2019) so it is not limited to areas with good ALS coverage. It can be downscaled to look at
regrowth in small areas, and the pipeline accommodates additional map layers to help identify
the ecological drivers of regrowth. Finally, we believe that the methwdsas an important

model for any work seeking to propagate uncertainties while combining GEDI shot data with

high-resolution maps containing high variance among adjacent pixels.

45.6 Conclusions

The GEDI mission's billions of structural forest measurements offer an unprecedented
opportunity to study aboveground carbon density attpgpical scale. However, the dataset is
challenging to use, with terabytes of data to analyze and complex uneestthat arise when
fusing GEDI shots with other loAginning waltto-wall high-resolution (1630 m) maps.

Previous work, when combining GEDI data with other sensors and using GEDI to understand
ACD recovery trajectories, has implicitly ignored the proldehat arise when propagating
uncertainties, including from geolocation error, data heteroskedasticity, and spatial
autocorrelation. In this paper, we develop a Monte Carlo method to propagate uncertainties in the
underlying GEDI data and fusion processrite Carlo has the potential to be prohibitively
computationally expensive, particularly at the large spatial scales and long temporal ranges used
in pantropical forest analyses, so we also develop an efficientsparce implementation of

our proposed ethod. Using this method, we are able to measure carbon sequestration rates in
young recovering forests across the Amazon biome. We also identify discrepancies between
GEDI measurements and statethe-art AFC maps. Reconciling these discrepancies is a

promising direction for future work, and we believe that the proposed method will help facilitate
this and other largsecale analyses seeking to combine GEDI data with-teadlall discrete

pixel maps while robustly propagating uncertainties.
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4.6 Contributions

D.A.C. proposed the ecological question anekntific approachA.H. proposed the
computational methods with input fro8iM. and S.K A.H. andS.M. contributed codeA.H.
performed data analysianalyzed result@nd drafted the manuscriphder the supervision of
S.K and D.A.CAll authors provided comments on the manuscript and gave approval for

publication
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5 Repeat GEDI footprints measure the effects of tropical forest
disturbances

The following chapter turns from regrowth to the impacts of forest degradation and the
ability of GEDI to measure losses in dense tropical forests over the short term. While the
previous chapter relied on spaoe-time substitution, a relatively welinown technique for
studying regrowing forests from remote sensing lathe i nr i ch et al ., 2023,
al., 2022) this chapter breaks new ground by attempting to measure temporal changes directly
using GEDI, instead of using a spatial proxy for change. This is important because, as discussed
in Section2.2.3 forest degradation patterns violate many of the assumptions on which spatial
proxies rely, and spatial proxies are itgalfor meeting degradatierelated policy goals. This
chapter also breaks new ground because, while GEDI had previously been used to study some
elements of regrowth, it had never been demonstrated to measure disturbance outside of
simulation studie¢East et al., 2023; Roy et al., 2021)

Thechapter was published Remote Sensing of EnvironmentJuly 1, 2024and is
presented here as it appears in the published form. The citation of the published paper is

Holcomb, A., Burns, P., Keshav, S., Coomes, D.A., 2024. Repeat GEDI footprints measure the
effects of tropical forest disturbances. Remote Sensing of Environment 308, 114174.
https://doi.org/10.1016/j.rse.2024.114174

Abstract

More of the Amazon rainforest is disturbed each year than completely deforested, but the
impact of these disturbances on the carbon cycle remains poorly understood. Recent algorithmic
advances using optical and radar remote sensing have improved deiediginorbances at fine
spatiotemporal resolution, but quantifying changes in forest structure and biomass associated
with these detected disturbances has proven challenging. The Global Ecosystem Dynamics
Investigation (GEDI), a spaceborne lidar missioleoting data from 201:2023, provides an
opportunity to address this problem. GEDI captured billions of measurements of forest height,
plant area, and understory structure within-r2&ter diameter footprints scattered across the
tropics. Though the ingstment had no guaranteed repeat cycle, it sometimes sampled nearby
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locations twice; some of these spatially reaincident footprints happened to measure forest
structure before and after a detected disturbance, providing information on how disturbance
affected aboveground biomass. In this study, we developed an dffereeralpurpose open
source pipeline for identifying spatially coincident footprints, which is a computationally
complex task, and used the pipeline to find over 13,700 footprint pairs with intervening
disturbance events across the Amazon biome. Wadastified a set of ~65,000 spatially near
coincident footprint pairs that lacked an intervening disturbance but came from regions with
similar disturbance threat; these provided a control dataset to evaluate the effectiveness of
estimating forest structarand biomass changes with nearby footprints. Analysis of this
Amazonwide dataset demonstrated that GEDI was able to measure statistically significant
canopy height and biomass deficits following rstandreplacing disturbances as small as
900m?(30mx3 0 m) . GEDI édanensional gieweof fardstrsteueture also reflected
the effects of different intensities of fire disturbance, including 20% of burned areas where the
upper canopy retained most of its height, but the understory suffered siab$téiate losses.
Finally, we modeled the relationship between Landsat and Sehtthslurbance detection
parameters and GERistimated percent biomass loss, showing that certain sadigtiteed
intensity metrics are correlated with increasing bisrass and identifying temporal trends in
biomass loss and recovery following disturbance. This work represents an important step
towards the development of a p@apical, spatially explicit system for tracking carbon losses
and structural changes arisifigm forest disturbance.

5.1 Introduction

The extent of disturbed Amazon rainforest is growing, already equaling or surpassing the
area of the Amazon that has been deforested and increasing in some regions where deforestation
has decreasg@euchle et al., 2022b; Bullock et al., 2020a; Lapola et al., 2023; Matricardi et al.,
2020) Deforestation (i.e. neaomplete loss of tree cover) has long been visible from satellite
imagery(Hansen et al., 2013; Nelson et al., 1994 partial biomass loss by natural and human
disturbance processes is much harder to detect and qua&mignds et al., 2021As a
consequence, there is a lack of scientific consensus on the magnitude of carbon losses due to
forest disturbancéEspiritoSanto et al., 2014; Gao et al., 2020; Longo et al., 2016; Zhu et al.,
2023) Studies find that disturbance accounts for anywhere froi828 of total forest carbon

loss in the tropical forests of South America, with large or unquantified uncertédBaiesni et
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al., 2017; Berenguer et al., 2014; Qin et al., 20RMreover, the effect of forest disturbance
goes beyond carbon; it can also diminish ecosystem integrity by harming forest structure, even
when canopy cover remaifGrantham et al., 2020l argescale measurement of the carbon
losses and forest structural changes associated with disturbances are needed to inform key policy
initiatives such as REDD(Silva Junior et al., 2021; UNFCCC, 200&8nhd would offer a more
holistic picture of the changes to forest ecosystems occurring outside of complete deforestation.

Recent advances in remote sensing and data processing have led to several products that
detect forest disturbances at fine spatiotemporal resolution, with disturbances as small as 10 m
wide mapped at annual resolution or even detected with nedmneallerts(Bullock et al.,
2020a; Hansen et al., 2016; Reiche et al., 2021; Vancutsem et al., [202&Ver, it has proven
difficult to estimate the aboveground carbon loss and structural changes associated with these
detected disturbances in the wet trogiCsutifio et al., 2022; Gao et al., 2020; Welsink et al.,
2023) One ideal tool to enable such an analysis would be arbgghution annual biomass map
created using a walb-wall sensor such as an optical or Synthetic Aperture Radar (SAR)
instrument. This would allow researchers to simultaneously identify smaitlthsices and
estimate their carbon emissions by comparing yearly biomass estimates, translated to carbon
stock estimates, in each pixel. SAR instruments that penetrate open canopies have been used in
this way to track changes in lelomass (< 150 Mg/ha&frican woodlandgMcNicol et al.,
2018) but this approach cannot be extended to-biginass (~250 Mg/ha) tropical rainforests
given the saturation range of existing optical and inégolution SAR satelliteubayah et al.,
2020; Duncanson et al., 2022)

As an alternative in dense tropical forests, prior research has either useddbution
annual biomass maps or higksolution singleyear biomass maps. In the first case, researchers
have combined coarse (up to 625%kmnesolution biomass maps with 30 m resolution
deforestation detection maps to estimate biomass loss due to deforestation alone, and attributed
all remaining unaccounted losses at the coarse pixel level to degrd@atommi et al., 2017;
Qin et al., 2021)This technique is applicable only to tdpwn regional analyses, cannot
disaggregate among different disturbance types, and is associated with large or-tifficult
guantify uncertainties amplified by large error and uncertainty in the specific biorapsaused
(Hansen et al., 2019n the second case, where higisolution biomass estimates are available

for a single year, researchers have used three approaches to estimate the carbon loss associated
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with detected disturbances in the years following. Some fixedbaolutevalue for post

disturbance biomass across the study region from the intercept of d@ptc®e substitution
model(Heinrich et al., 2023; Rappaport et al., 201Bjhers estimated the relative biomass
difference between disturbed and undisturbed regions in the observédiyeat al., 2023)A

third approach simply estimated losses as a fixed percent (e.g., 50%) ofthetymeance
biomasqCsillik et al., 2022; Fawcett et al., 202B)one of these techniques allow finened
estimates of biomass loss associated with newly detected disturbances or disturbances of
different types and intensitie&dditionally, while spacdor-time substitution precludes any
spatially explicit estimate of biomass loss, the second and third approaches do not reflect
temporal trends in biomass loss; although studies have observed that biomass can reach its
lowest lewel years after an initial disturbance, as large trees are left vulnerable to wind breakage
and uprootingBrando et al., 2019Finally, none of these techniques based on biomass alone
address the diverse array of structural changes caused by disturbance, from subcanopy fires to
selective logging of large trees, which affect habitat quality and ecosystem biodiversity in the
remahning forest(Gao et al., 2020; Pereira et al., 2013; Pillay et al., 2@&R)ctural changes are

yet more difficult than biomass loss to quantify using lesgale remote sensing, as neither
passive optical nor existing SAR satellites reliably measure vertical structure in dense tropical
forests(Dubayah et al., 2020; Gao et al., 2020)

In the absence of remotely sensed betordafter measurements of forest biomass and
structure around smatib-moderatescale disturbance events, a recent field project performed
selective logging in monitored sites to model the relationship betweendgirutim
measurements of canopy and biomass loss against the parameters of SAR disturbance signals
(Aquino et al., 2022; Carstairs et al., 2022pwever, the difficulty of collecting field plot data
limited the project to only eight offeectare plots across two sites, making it difficult to confirm
and refine the parameters of this relationship and to extend it beyond the stuqpquéaas et
al., 2022)

The Global Ecosystem Dynamics Investigation (GEDI) offers an unprecedented
opportunity to develop a larggeale sample of the impacts of tropical forest disturbance on
carbon fluxes and forest structure. GEDI, which began data collection in 2019, paeslaosne
lidar instrument to measure the 3D structure of forests at locations between £51.6° latitude, with

a 1064 nm wavelength that penetrates dense forest ca(Dplesyah et al., 2020; Duncanson et
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al., 2020) It is a sampling mission, collecting ~2be t er di ameter footprints
provide detailed forest structural measurements from which aboveground biomass density

(AGBD) can be estimated. GEDI is not suitable for ongoing operational disturbaaceatet

because it does not offer wadl-wall data, has no guaranteed repeat cycle, and cannot penetrate

dense clouds. However, the mission sometimes measured nearby locations twice, and sometimes

a disturbance event occurred between these measurementasadetected by an optical or

radar satellite: these are here referred to as intervening disturbances.

In this study, we evaluated whether GEDI shots could be used to quantify the changes in
aboveground carbon and structure (i.e., canopy height and plant area distribution) following
tropical disturbances by identifying a largeale opportunistic sample gpatially near
coincident footprint pairs with intervening disturbance events found by twedsttie-art
systems: GLAD alert@Hansen et al., 201@nd the JRC annual forest change n{&fascutsem
et al., 2021) The prerequisite of such an analysis was to evaluate whether spaceborne coincident
GEDI shots were usable for measuring the moderate sizax(~@@e) tropical forest
disturbances detected by these systems. This was not a foregone conclusion, askphias wo
emphasized that such an application remained untested and might not be preCiidadnyah et
al., 2020; Roy et al., 2021) o evaluate the effectiveness of fusing pairs of nearby GEDI shots
with disturbance maps, we generated a control group of GEDI shot paistoldd nothave
measured loss because there m@amtervening disturbance, and tested whether there was indeed
an unbiased 1:1 relationship between the first and second shot measurements. We then generated
a treatment group of GEDI shot pairs tehbuldhave measured biomass and canopy loss
because themasan intervening disturbance, and tested whether lossesdetectable at a
population level: i.e., statistically significant given the potentially high variance in near
coincident shot data overall. This analysis had to be done carefully, because we hypothesized
that there would be other differences betweeanr-neincident shot pairs that measured
intervening disturbance and those that did not. Most notably, shot pairs that measured
intervening disturbance, by design, fell in disturbed forests with heterogeneous canopies, and we
hypothesized that pairs in disbed areas would display higher variance and lower correlation
compared to nearoincident pairs overa(Roy et al., 2021)

Our study makes several contributions. Firstly, we deedlaggenerapurpose open

source pipeline for identifying spatially coincident GEDI shots with intervening forest changes
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detected by another walb-wall sensor. This pipeline is computationally complex, efficiently

sifting a few thousand rare events from a dataset spanning the entire Amazon biome from 2019
2022, with over one hundred million higjuality GEDI shots and foyrears of 1680 m

resolution raster data. Using this pipeline, we identified four million spatiallyaeacident

shot pairs, including over 13,700 with intervening disturbances. We proposed a method to create
a fair control group against which to test &tatistical significance, identifying over 65,000 pairs

that lacked intervening disturbance events but were from disturbed areas. Secondly, using this
dataset, we performed the first largeale evaluation of whether GEDI can measure biomass and
canopyheight losses at a population level in moderate sized (~30 m wide) tropical forest
disturbances. Thirdly, we explored patterns of biomass loss and structural changein GEDI
measured disturbances. We considered how percent biomass loss was relatedamflibesi
disturbance and the time since disturbance. We asked whether there was any relationship
between Landsaibserved disturbance intensity and GEStimated percent biomass Idssa

crucial step towards extrapolating from this sample to regionalasis of disturbance carbon
emissions. Finally, we investigated whether our results reflected the complex structural changes
taking place in disturbed forests, examining whether GEDI measured subcanopy losses in burned

areas.
5.2 Study area and remote sensing datasets

5.2.1 Study area

We defined the study area as the tropical moist forests of the Amazon biome, which
includes parts of Bolivia, Brazil, Colombia, Ecuador, Guyana, Peru, Suriname, Venezuela, and
French Guiana (Figur€l). This ecosystem primarily consiststefra firmarainforest but also
includesvarzeafloodplain forests an@japoblackwater river forest. The Amazon biome, as
opposed to the Amazon River Basin, includes tropical moist rainforests further north and
excludes adjacent biomes such as some montane regions to the westahako the south. It
is characterized by dense evergreen forest, low seasonal temperature variability, and high
precipitation (3200 cm of rainfall annually)Vancutsem et al., 2021)

5.2.2 GEDI data and filtering
The GEDI mission uses a lidar sensor mounted on the International Space Station that is

designed to survey biomass and vegetation structure in tropical and temperate forests between
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1+51.6 degrees latitud®ubayah et al., 2020The mission began collecting data in 2019, and we

made use of data collected from 17 April 20118 April 2022. The sensor consists of two full

power lasers and one coverage laser, which are optically dithered to create eight parallel
measurement tracl&0 m apart. The laser pulses reach the ground irmae2ér diameter
footprint (Ashoto), with the footprints space
the onedimensional continuous return waveform of the footprint. The 1064 nm wavelghgth

the sensor penetrates dense forest canopies, so peaks in the return waveform can be used to
measure the upper canopy, understory, and ground.

We made use of s ev dava products defvAadSréndteerdwo ot pr i nt
waveform. The Level 2A Elevation and Height Metrics (L2A) offer relative height (RH) metrics;
thei' RH value is the height above the GEfdtected ground return below whiéh of the
waveform energy has been returiiBdibayah et al., 2021bThese metrics have been shown to
measure features of the forest structure and cafghneider et al., 2020)ith top-of-canopy
height measured by Airborne Laser Scanning (ALS) highly correlated with the upper RH metrics
(RH 98, RH 95)Potapov et al., 2021The Level 2B Canopy Cover and Vertical Profile Metrics
(L2B) extract biophysical metrics from the waveform, including cumulative canopy cover and
plant area index (PA(Dubayah et al., 2021cfinally, the Level 4A Aboveground Biomass
Density (L4A) product estimates biomass for each @dobayah et al., 2022bJhe product
uses wavefornto-biomass models stratified by plant functional type (PFT) and region, with the
chosen model in each stratum representing thegaee&irming candidate model from among all
possible combinations of RH predictors and their-tvay interaction term@uncanson et al.,

2022) The models are calibrated and validated using the GEDI Forest Structure and Biomass
Database (FSDB) of field plot and coincident ALS data. In our study region, L4A uses the
biomass model for Evergreen Broadleaf Trees of South America, the mesepredented PFT
region stratum in the GEDI FSDB with 3441 samg[2sncanson et al., 2022)he selected

model for this stratum uses square root transformed RH 50 and RH 98 as predictors and has a
reported mean residual error of 10.4 Mg(Bancanson et al., 2022)

The GEDI dataset has several known limitatiBiiening et al., 2023)he location of
individual GEDI footprints is not known with certainty; the version 2 dataset hasganh
geolocation error of 10.2 ifTang et al., 2023)GEDI measurements are less accurate on steep

slopes and are also affected by conditions that reduce the beam sensitivity, such as dense canopy
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cover, clouds, and solar radiati@liveira et al., 2023)To reduce the effects of these errors, we
used an extensively filtered version of the daté3abayah et al., 2022a; Healey et al., 2022)
We required that shots were not marked asdoality by NASA, that they were not taken

during a period of abovaverage geolocation error, that they had sufficient sensitivity to
penetrate the expected canopy coved.@8 for the tropical Evergreen Brdedf Tree strata),

that the surrounding area was not dominated by water or urban areas, and that the ground
elevation estimated by GEDI did not differ substantially from the elevation estimated by
TanDEM-X. A complete list of the filtering conditions cée found inSupplemenC2. After

filtering, there were around 109 million shots available in our study region.

5.2.3 Disturbance data

We identified disturbances using two different disturbance detection systems. We
selected these systems by looking for kige s o | u't i o ntropical maps demynstiatadn
to be sensitive to moderaseale nordeforestation forest disturbances; we atguired that the
map have ongoing technical support, lasgale validation, and annual or subannual temporal
resolution during the years 202922. The following sections provide an overview of the two
systems we found that met all these requiremenssrithdng how each of these statkthe-art
systems detects disturbances and highlighting their differing definitions of forest disturbance and
other methodological choices that may affect our results.

5.2.3.1 Integrated GLAD alerts: Landsat, Senting, and Sentinell based disturbance
detection

Integrated alerts from the Global Land Analysis and Discovery lab (GLAD alerts)
combine three different alerting systems, each based on a different sensor: Landsat ({GLAD
Sentinel2 (GLAD-S2), and Sentinel (RADD). GLAD-L and GLAD-S2 detect disturbanse
from optical imagery using bagged decision trees that classify siaggeobservationglansen
et al., 2016)while RADD identifies disturbances from radar imagery based on a probabilistic
change detection algorithm using Gaussian Mixture Mod¢Ra&jche et al., 2021The
integrated alerts have a 10 m spatial resolution, with GILAIpsampled to match the native
resolution of the other two products. Both the complete and partial removal of tree cover within a
100 nt area are included in the alerts, so deforestation is not distinguished frestandn

replacing disturbance. We selected only the highest confidence level alerts, which are those that
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were detected by at least two alerting systems independently. GLAD records the date of the alert
as the first date that it was detected by any system. GILADd GLAD-S2 are available in the
Amazon from 2019, and RADD begins in 2020. We used the 2018 ftaes map mask

provided with GLADS2 to restrict to only alerts occurring in Rplantation tropical primary
forest(A.H. Pickens et al., 2020; Turubanova et al., 20D8turbed pixels are subsequently

removed from the forest base map group; as a result, pixels cannot be marked disturbed more
than once and the dataset overall is biased towards older disturbance events. The three products
have undergone independent gation, including by manual inspection of higgsolution

satellite imageryHansen et al., 2016; Reiche et al., 20Zhjis validation did not always assess
perpixel accuracy for ambiguous areas at the boundaries of disturbance events, as the product is
designed as an alert system and not an unbiased measurement of disturbance area; however, the
alerts can still be used measure relative spatial trends in disturbgReche et al., 2021 he

alerts have been shown to detect sraadlle disturbances from selective loggiiéeisse et al.,

2021; Welsink et al., 2023)Ve used the version of the integrated GLAD alerts available for
downl o2d 284 2MW0 in this study.

5.2.3.2 Annual Forest Change (AFC) maps: Landsdiased disturbance detection

The Annual Forest Change (AFC) system uses Landsat optical imagery to identify annual
changes in tropical moist forests globally at 30 m resolif@amcutsem et al., 2021)he AFC
maps are produced in a tvgtep process. First, all Landsat observations are assessed using an
expert system to classify each pixel as (i) tropical moist forest, (ii) potential disruption, or (iii)
invalid. The invalid class includes pixels afied by clouds, cloud shadows, haze, or sensor
problems, as well as ndorest pixels. The temporal sequence of these classifications is then
used to derive more complex transition classes at an annual resolution. A pixel that remains
classified as moist fest from the earliest valid Landsat data for that pixel through the year under
assessment is classifiedwaslisturbed forestA previously forested pixel that is classified as
potential disruption for a short period (< 2.5 years) is classifiglisagrbance while a moist
forest pixel that is classified as potential disruption for a longer period (> 2.5 years) is classified
asdeforestation After deforestation, pixels that transition back to tropical moist forest for at
least three years are classifestegrowth The AFC dataset also makes available on Google
Earth Engine the number of annual valid observations (classes (i) or (ii)) and the number of

annual disruption observations (class (ii) only) for each pixel. The ratio of these values, or the
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proportion of valid observations that show signs of disturbance, may offer insight into the
classification confidence or the severity of the disturbance. For example, the ratio is used to
distinguish between disturbance and deforestation in recent map(lpetore 2.5 years have

elapsed). The binary classification of undisturbed/disturbed in the AFC maps was validated at a

3 x 3 pixel level using manual inspection of Landsat and-héglolution satellite imagery

(Vancutsem et al., 2021l was found to have a 9.4% omission error rate (missed disturbances)
using a sample weighted towards likely areas of disturbance and a 7.9% commission error rate
(fal se detection). We used t h-202ZirvtHisstdy.2 206 AFC

5.2.4 Proximate cause of disturbance

At the time of our research, neither the GLAD nor the AFC system classified the
proximate cause of disturbance (e.qg., selective logging, fire, storm, etc.). We instead identified
burned areas using a MODIS 500 m resolution burned area product, whichanaisle for
download on Google Earth Engif@iglio et al., 2021)This annual map classifies each pixel as
burned or unburned during the given year and records the date of the burn event. We selected
this map because it provides the mostatdate, spatially explicit record of the area covered by

fire at a monthly temoral resolution.
5.3 Methods

5.3.1 Overview

Most research using spaceborne GEDI footprints without collocated reference ALS data
aggregates the individual shot measurements to estimate a population metric rather than relying
on noisy data from a single footprint. Typically, researchers use spgii@gation, averaging
the GEDI shots within a contiguous polyg@uncanson et al., 2023n this research, we
propose grouping the shots not by polygon but rather based on their measurement of similar
events (i.e. disturbances). To estimate change under this framework, we aggregate pairs of GEDI
shots, $and S, where $is used as an estimator for the-gisturbance state of the forest, while
S falls after the disturbance and provides data on the disturbance impact. As such, the two shots
serve subtly different functions, $ designed to capture the disturbance loss and therefore must
be aligned spatially with the disturbance.nfeasures the forest prior to the disturbance and,

assuming some homogeneity of the forest at short distances, does not necessarily have to be
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perfectly collocated with £or the future disturbance. Instead, it must be an unbiased 1:1
predictor of Sin the absence of intervening disturbance, which we formally test using a control
group ofnearcoincidentshot pairs that do not span a disturbance tempofidiky difference

Si1 S in disturbed pairs is then an estimator for disturbance losses in the sample.

5.3.2 Identifying spatially near-coincident shot pairs withinterveningdisturbanceevents

Billions of GEDI shots were sampled across the Amazon biome from 2019 until mid
2022, making the detection of rare events a computationally intensive task (Sup@&mnent
Moreover, the data are published in granule files containing only one orbit of the International
Space Station, so shots from different orbits (i.e., measured at different times) that fall with a
given distanced, could belong to hundreds of different files. To address this problem, we first
downloaded all the V2.1 Level 4A granule files covering the Amazon biome, which comprised
approximatelyl.9 TBof data. From each file, we extracted the individual shots into a spatially
indexed PostGIS database, which can efficiently perform distance and location queries. We
performed a spatially indexed join on the database to extract a list of shot pairshrtivehshot
centers were less than or equatitmeters apartSupplementC3). We did not consider potential
geolocation error at this stage; we used the fieiddowestmodandlon_lowestmodébased on
the default groundinding algorithm) as the shot center. We joined the list of shot pairs with
Level 2A and Level 2B data to obtain biomass, relative height metrics, and plant area index for
each shot. In this paper, we refer to the shotgairaas $and S, where the first shot is the one
with a smaller value adelta_time

For our analysis, we set the maximum distance between reported shot cBraedQ( m,
but geolocation uncertainties mean these shots may have been further apart. We also found that,
though 40 m was less than the intended distance between shots along the same orbital track, a
small number (4,333 = 0.1%) of shot pairs were frormrstirae orbit. We omitted these pairs
from analysis because there can be no intervening disturb&hde.it was rare in our study
region to find more than two shots in close gpgiroximity, occasionally three nearby shots
formed separate pairs. As a simple measure to prevent data duplication, we droppedpairs if S
S, was already present in the samflable5-1 reports the number of shot pairs identified in the
Amazon biome for multiple values df and approximately how many shot pairs we estimated

would have intervening GLAD and AFidentified disturbance events. Lowering the maximum
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distance between the shots substantially decreased the amount of available data; de chose

40m to keep as much data as possible without violating the assumption g 8n unbiased

(or minimally biased) predictor ofSwith a 1:1 relationship in the absence of forest changes.
Specifically, if neacoincident shots at = 40 m apart can be used to estimate populdével

change, then in the absence of changes the best fit standardized major axis regression line, which
allows for uncertainty in thpredictor variable, should be close to the line y = x; and the mean
difference ($- S1) should be near zero. We also considered the marginal benefit of reducing
evaluating to what extent doing so improved the correlation betwesmS; measurements
(Section5.4.2.

Table5-1: Available dataset size for various maximum reported distances between shots.

Ma xi it ddh cNo.sldt [fEs* .na.i safuEst . * no.

pai(rGLAD) pairs (AFC
40 m 41 856 6 13740 3201
30 m 24 3B8 5 7990 1860
25 m 170585 5600 1300
20 m 109815 3610 841
10 m 2797 2 900 210
5 m 65168 210 50

* We assumed the chance thath@ppens to fall on an intervening disturbance event was independeef
therefore evaluated the number of disturbed pairs at 40 m apart for each disturbance detection map and estimated the
expected number of disturbed pairs for other valuakasfthe number of shot pairs at the given distance times the
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ratio of total shot pairs to disturbed pairs found at 40 m apart.
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Figure5-1: Spatiotemporal conditions used to classify re@ncident GEDI shots that captured intervening
disturbance, as well as control groups. Left: Spatial conditions for identifying GEDI shots that coincide with
disturbance. Two GEDIshots{(S&) i n cl ose proximity (d O 40 m) were
disturbances in , apixel window around $ Note that the GEDI shots may not fall at their reported locations due
to geolocation uncertainty, and the shot pairs are allowed to be tigséhner than the maximum distance shown in
the figure. The grid scale and window size shown correspond to the GLAD map. Right: Temporal conditions for
classifying shot pairs. The time of disturbance is signified day the time of the first and second GEDI shot are
signified by T and T respectively. Treatment group pairs (top) have an intervening disturbancd (& < To).

The set of all pairs (middle) is dominated by those that do not experience a disturbance at any time. Disturbed
control pairgbottom) experience a disturbance at some time but do not measure a disturbance hetmeéé&h S
(Taist< Te<T20r Ty < T2 < Taisy).

To identify which shot pairs spanned intervening forest disturbances, we overlaid the
pairs with a forest change raster mgmgare5-1). Due to the differing definitions of disturbance
in the GLAD and AFC datasets and their different spatiotemporal resolutions, we did not
combine the two maps, but rather performed all analyses on each map separately. The footprint
S measured the impact of the disturbance, so we searched for disturbances in a small window
1 , around the pixel containing Swith the size of the window depending on the resolution of
the forest change map relative to the GEDI footprint size. In the GLAD dataset, which has 10 m
x 10 m pixels, we used a 3 x 3 window of pixels around the repostgltbEcentery cLan In
the 30 m x 30 m AFC maps we used the 2 x 2 window of pixels nearest to the repstiet S

centern arc We found little sensitivity to window size so longraswas comparable in size to
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the GEDI shot and geolocation error (arouneb8m wide) and larger than 1 x 1 pixel
(SupplemenC4). If any of the pixels im contained a disturbance with a reported start date
after S and before § we included the shot pair in the treatment group of shot pairs with
intervening disturbance.

In the GLAD maps, we considered adding a temporal buffer prior to the reported
disturbance date to account for potential late detection, but we found that temporal buffers
between 86 months did not impact the results (Fig@®. This indicates that GLAD is not
substantially affected by delayed detection. The AFC dataset has an annual resolution, so we did
not consider a temporal buffer but instead required theliSefore January 1 in the year of

disturbance detection and thatf@l after January 1 the following year.

5.3.3 Creating a control group

To test the statistical significance of effects observed in the treatment group, we needed a
control group of shot pairs without intervening disturbance. There are several reasonable ways to
construct a control group; we tested for the statistical sggmée of our results with each of
them (Sectiorb.4.3 Supplemen€C6). Moreover,exploringthe differences between these control
groups provided further insight into the dynamics of disturbed forests.

One possible control group is the set of all ra@Encident shot pair@-igure5-2). These
shot pairs fell overwhelmingly in the undisturbed forests that cover most of the Amazon biome
and were very unlikely to measure an intervening disturbarai@d€5-1). This control group
was used to assess the validity of the foe@mcident footprint methodology as a whole,
providing a baseline for the correlation, variance, and bias between two nearby measurements of
the GEDI sensor. However, we expected that tltesturbed forests in which most of the
footprint pairs fell would not be representative of the disturbed forests selected in the treatment
group. Disturbed tropical forests may exhibit high levels of canopy heterogeneity at the scale of
d and the ~10 m GEDI geolocation error, which would tend to increase the variance and reduce
the correlation between nearby shots even absent intervening distuiRapa al., 2021)We
therefore selected a fidisturbed 1 @ontaiseia contr o
disturbance, but all the detected disturbances began either betwrafter S (the difference
between the two shot measurements could not reflect the effects of disturbance), we included the
shot pair as a disturbed contrBiqure5-1, right). As with the treatment group, we created a

disturbed control group for each disturbance map individually. These controls were thus selected
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from forests under similar disturbance threat and occurrence levels as the treatment locations
(Figure5-3); the only difference was whether the two shots happened to span the disturbance
temporally.

Finally, we found that this single difference between the control and treatment groups
that the pair of GEDI shots happened to temporally span a disturbameznt that shot pairs in
the disturbed control group tended to have a shorter time betweertthe those in the
treatment group (Suppleme@6). In one sense, this was a desirable quality: a shorter time
between shots lowered the chance that changes betwaead S reflected intervening
disturbances that were not detected in the AFC/GLAD maps. However, we also tested that our
results were statistically significant compared to a disturbed forest control group that was

adjusted to have a similar temporal distributiorthat of the treatment group (Supplemé#}.
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Figure5-2: Random 20% sample from the set of all re@incident shot pairs in the Amazon biome study region
(green). The shot pairs are colored by the number of days betwaad $S. GEDI shot size not to scale.
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Figure5-3: Spatialdistribution of control and treatment shot pairs in the Amazomé study region based on

GLAD disturbance detection. In treatment pairs (red), two GEDI shots measure forest structure at a time;pefore (T
and after (3) a detected disturbance eveng)l. In control pairs (blue) the second GEDI shot is spatially collocated
with a disturbance detected from 2019 onward, just as in the treatment set, but GEDI happened to miss the
disturbance (eitherik T2 < TgistOr Taist < T1 < T2). GEDI sha size not to scale. The base map shows the average
GEDI-measured RH 98 in each 12000 m wide pixel.

5.3.4 Geolocation error and missed disturbance bias

At the high (1630 m) resolution of the disturbance detection maps and the level of
canopy heterogeneity present in tropical disturbed forests, the 10.2 m ave@g®ILshot
geolocation error may cause high variance in observed forest change measuiRoyeetsl.,
2021) We were able to test for statistical significance of our results despite these uncertainties
by comparing to the disturbed forest control group. However, there was one source of positive
bias from geolocation uncertainties that was not dealt with by @osgn to the control group: if
S fell far from its reported shot location, it may have missed small disturbances detected by the
GLAD or AFC maps and measured the nearbydiseurbance forest state instead. Similarly, S
may have missed the disturbaricthe disturbance maps incorrectly identified the location of the
disturbance; unlike GEDI geolocation error, these errors are netueetitified. In this case,

considering $to be an unbiased estimator of the-gigurbance state, the quantity {SS;)
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would have a zergentered distribution instead of the negatkewed distribution expected for
intervening disturbances, causing positive bias in the results. More generally, the missed
disturbance effect may cause positive biasifi (Sy) is on average larger (less negative) in the
disturbed forest control group than the treatment group.

Intuitively, the size of this positive bias is likely to be related to disturbance size.
Geolocation error is more likely to cause missed disturbances in small disturbances that are close
to the size of the GEDI and disturbance map geolocation errorr isgerbances will be
measured even if the second GEDI shot lands a short distance away from its reported location.
Estimates of biomass and canopy height losses due to disturbance made using this method should
therefore be considered conservative, eglgdior small disturbances, in that missed
disturbances may cause positive bias in the treatment group. This limitation is discussed further
in Section5.5.4

5.3.5 Variables affecting disturbanceelated biomass loss
When building the treatment dataset, we recorded two variables that may affect the

amount of biomass loss observed by GEDI:

Disturbance extent We defined the disturbance extent as the number of pixalstiat

experienced disturbance betwearaid T,. This variable ranged from3.for1 cLap(3 x 3

window of 10 m pixels) and from-4 for1 arc(2 x 2 window of 30 m pixels). It was 0 for all

control points. We hypothesized that disturbance extent might correlate positively with biomass
loss because (a) larger disturbances are more intensive; (b) it is more likely that the second GEDI
shot will miss a disturbance due to geation error if the disturbance is small, causing positive

bias in the estimated biomass losses for smaller disturbances.

Time since disturbance We defined the time since disturbance as the difference, in days,
between the modal start date of disturbances identifinddmpand T,. We omitted pixels in

1 cLapthat were disturbed before ®r after & from this mode calculation. We only recorded

this metric for the GLAD dataset because the AFC maps have an annual resolution, which is too
coarse to accurately measure time since disturbance. We hypothesized that time since
disturbance might have a comyplelationship with bimass loss. On the one hand, disturbed

forests might continue to lose biomass over time, perhaps because the original cause of
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disturbance continued in the area or damaged trees fell in subsequent months. On the other hand,

disturbed forests may regain biomass from regrowth.

5.3.6 Assessing disturbance intensity

Past research has highlighted the potential value of identifying a disturbance intensity
metric based on watb-wall sensors alone that is related to the quantity of biomas@\gsino
et al., 2022; Coutifio et al., 20228)ch a relationship would enable local and regional
assessments of total biomass loss due to forest disturbance. However, very few such metrics have
been proposed, and yet fewer have been validated, due to the extremely limited size of existing
datasetshat measure biomass changes following remotely sensed disturbances. One application
of our dataset would therefore be to derive and evaluate such a relationship. We evaluated a
metric of disturbance intensity proposed as part of the AFC method®aggutsem et al.,
2021) quantifying the extent to which this metric was predictive of GERiImated biomass
loss. Specifically, we calculated the disturbance intensity index for a given AFC pixel as the

number of Landsat observations dwibdedbyshef i ed as

observations classified as fAvalido during the

Section5.2.3.9. We averaged these peaiel values across arcto obtain a single intensity
value for each treatment sample. In other words, we used the sum of the inten3ities in
divided by the number of disturbed pixelimrc

We chose this intensity metric because it is derived from Landsat imagery alone and is
directly related to the AFC classification algorithm (indeed, thisppesl intensity index is used
in the AFC methodology to classify potential disturbances befonegéniime has elapsed to run
the full algorithm), making its validation of high relevance to the scientific community. In
addition, if found to be related to biomass loss, this metric would be ideal for extrapolation
because it is straightforward to caldelacross the tropics for every pixel in the AFC
disturbance maps.

As described in Sectidn 3.4 missed disturbance bias will disproportionately affect
small disturbances, which may also beJetensive ones. To check that any relationship of
increasing percent biomass loss with increasing disturbance intensity was not merely an artifact

of bias ntroduced by geolocation error, we tested for a statistically significant correlation



113 5 Repeat GEDI footprints measure the effects of disturbance

between the intensity and biomass loss even when controlling for disturbance extent. This was an
overly conservative control, as disturbance extent and the disturbance intensity index were also
positively correlated (we might hypothesize that large distuwcbs are likely to last longer and

be more visible from satellite imagery); however, such a control was needed to demonstrate that

any relationship found was not only due to this artifact of the data collection method.

5.3.7 Evaluating the impacts of fire events

As a first step towards understanding the structural effects of different types of

di sturbance, we classified the disturbances

burnedo using a MODIS 500 m resol stuirbarcen bur ned

spanning GEDI shots, we identified fire as the disturbance process if MODIS detected a burn in
the period between the two shots. We then investigated the structural changes associated with the
burn events using GEDI relative height and vertical mRetrics. We examined RH 98, which
represents the tepf-canopy height, and RH 50, which reflects the density ofcarbpy and

understory vegetatiofiEast et al., 2023; Schneider et al., 2020¢ calculated the understory

PAI as the sum of GEBheasured vertical PAI below one third of the-pren height

(St RH 98- 3) and the midand uppeicanopy PAI as the sum of GElieasured vertical PAI

above this height. This was analogous to vertical PAI calculations used for other spaceborne

lidar systemgTang and Dubayah, 2017)
5.4 Results

5.4.1 Near-coincident shots

Across the Amazon biome, we found 4,185,566 shot pairs less than 40 m apart, with
approximately 75% of the pairs falling less than a year apart. These pairs were distributed across
the Amazon biome but were concentrated along-@haped grid based on thsbital resonance
patterns of the International Space Statigire5-2). They fell primarily in the intact forests

that cover much of the Amazon biome.

5.4.2 Control groups

The hypothesis that there would be a 1:1 relationship between the relative height and

biomass metrics of neaoincident shots which lacked an intervening disturbance event (i.e.,
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controls) was supported. The control group of all roeéncident shot pairs showed a close
relationship between;&nd S RH 98 Figure5-4, top left), with a standardized major axis

(SMA) slope of unity, a nearero bias+{0.14m), and a high correlation coefficient (0.8Z=R

0.66). The AGBD metric showed wider variatidgfigure5-4, top right), but again had an SMA
slope near unity, low bias3.83 Mg/ha), and good correlation (0.6%;R0.37). In our tests of

the marginal benefit of reducing the distance between shots, we found that at a maximum of 30
m between shots, the correlation coefficient was only slightly higher (083 @®9) for RH

98; 0.62 (R = 0.38) for AGBD) and the bias was almost identical as W&l m; 4.11 Mg/ha).

A shorter time between shots was associated with higher correlation, lower standard deviation,

and less negative bias in AGBD, but the effect was less pronounced in Rig@&C10.
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Figure5-4: S; is an unbiased 1:1 predictor of i the absence of forest disturbance. Hexagonally binned histogram
comparing GEDI metrics between &-axis) and &(y-axis) for the intacforestdominated set of all shot pairs in

the study regioci @Akl heat prints cont r-baseddistutbedp) and t
forest control (bottom). The plots on the left show RH 98 metrics, anpldgteeon the right show AGBD. The green

lines indicate the standardized major axis (SMA) regredsierfor the raw data, with regression line parameters,

bias (mean difference), and Pearson correlation coefficient displayed in the upper right of each plot. The black

dashed lines show y = x.
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Figure5-5: Relative difference (8 S1)/(S; + S) in metrics of interest (RH 98, RH 50, AGBD) for different control
groups. Negative relative difference indicates than8asures a smaller value than Bhe three lines of the boxplot
show the quartiles (0.25, 0.5, 0.75) of the distribution, with whiskers at 1.5 times the upper and lower interquartile
range. The labels show the value of the 0.25 and 0.75 quartile. The dashed line shows y = 0 (@egebeattveen

S and 9).

As expected, we found a noisier relationship betwaeam8 S in the disturbed forest
controls, with large differences between the first and second shot measurement in some pairs
(Figure5-4, bottom row). The bias, or the mean of the difference AGBBGBD;, was larger
in the disturbed control than the set of all shot pair®.@4 Mg/ha in the GLAEbased
disturbed control aneb.72 Mg/ha in the AF&based disturbed control. Moreover, the bias was
larger despite a smaller average starting biomass in destdiobests; the relative AGBD
difference was more negative in both disturbed control groups than in the control group of all
shot pairsEigure5-5, see also Suppleme@t0). This effect was not present in RH 98, where
the bias remained near zgr6.27 m (GLAD); -0.09 (AFC)). The bias was also smald28 m
(GLAD); -0.20 m (AFC)) in RH 50, the other parameter that contributes to AGBD in our study
region. The correlation was lower for RH 986@, R = 0.44(GLAD); 0.63, R = 0.40(AFC))
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and AGBD (0.9, R = 0.24(GLAD); 0.44, R = 0.19(AFC)) than in the set of all footprint

pairs, and the relative difference betweem® S had a wider interquartile rangEigure5-5).

Given these differences, it was important to compare shot pairs with intervening disturbance
against a disturbed forest control, rather than an intact forest control that may not have been
representative of neaoincident shot data in forest that expaces disturbance. We found that,
while the relationship between 8d Swas noisier in disturbed forests than in the set of all shot
pairs, the biases were reasonably smali%of the mean) and served as a valuable baseline for

comparison.

5.4.3 Biomass loss following disturbance can be estimated using GEDI

We found that, at a population level, GEDI measured aggregate losses even following
small disturbances in both the GLAD and AFC maps (Fi@#e Mean biomass loss was
greater in the treatment group than the disturbed forest control group (p < 0.001) for both
GLAD-detected and AFR@etected disturbance events. This result held even when we restricted
the treatment group to disturbances in whicly asingle pixel in the window around ®as
disturbed (p < 0.001). We also tested that this effect was not due to deforestation alone.
Specifically, GLAD does not distinguish between f@forestation disturbance and
deforestation, but the AFC maps have two separate classes: disturbanceesdadien. We
tested a restricted treatment group of Afl€tected disturbances in which only a single pixel was
marked as disturbed and no other pixel in the window was marked as deforested. We found that
mean biomass loss in this restricted treatment group was also greater than in the disturbed forest
control (p < 0.001). In other words, at the population level, GEDI was able to measure a
statistically significant biomass and canopy height deficit followingaheforestation
disturbances as small as 30 m x 30 m (0.09 ha) in size. We further checked that all these results
remained statistically significant 0.001) for the temporally adjusted disturbed control groups
described in Sectiob.3.3(SupplemenC6). As a final note, the AFC maps use a+stemdard
definition of disturbance based on temporal extent that might include some cases of complete

canopy cover loss. Secti@¥y.4describes how we used the treatment dataset to measure changes

in canopy structure directly, identifying samples that met a traditional definition of forest
disturbance: there was measurable vegetation loss, but some canopy cover r@azairetdl.,
2020)
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Figure5-6: Median percent AGBD loss for different disturbance classifications (extent, time since disturbance,
disturbance intensity index). We use a bootstrap sample to evaluate the median percent biomass loss for disturbances
of each class, with points showingetimean of the bootstrap sample and blue lines indicating the empirical 95% CI.

We fit curves to the medians, showing the mean regression parameters of the bootstrap sample in black and samples
from the empirical parameter distribution in gray. Top row:nBéss loss by disturbance extent for GLAD data (left)

and AFC data (right). Disturbance extent is the number of pixels in the window arptivad &perienced

disturbance between 8nd S. The disturbed forest control group and error bar (disturbance extent = 0) is marked in
green. We perform a linear regression on the disturbed group only (disturbancé &jtéBmttom row: Left,

Biomass loss by the number of months elapsed between the @&tgddted disturbance start date and the time that

S, measured the forest. We fit a secanrder polynomial curve. Right, Biomass loss by the AFC disturbance

intensity metric described &8.6. We fit a linear regression to the square-toanisformed index.
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We tested the variables identified in Sectibr&5and5.3.6to0 understand their effects
on estimated biomass loss following disturbarkigyre5-6). We found a linear relationship of
increasing biomass loss with increasing disturbance extent for both GLAD and&té€ied
disturbances. Among GLAD disturbances, the fitted regression line was y = 4.5x +24.5 (R
0.85, p = 0.001); among AFC disturbances the regression line was y = 15.1x + 3 G.9R,

p =0.045), where x is the disturbance extent, measured as the number of disturbed pixels in
1 cLapand) arg respectively

The relationship between time since disturbance and biomass loss was more complex.
We fit a secongbrder polynomial (y = 29.60.1x + 3.5%), which had better goodnes§&fit than
linear regression (adjustd®f = 0.26). The data showed increasing losses over shortd#(12
month) timescales since recovery, levelling off or even decreasing over longer timescales (18+
months). This corresponded with the hypothesis that disturbed areas may have lost biomass over
the short term as damaged trees continuedlt@f additional degradation took place, but that
longerterm the forest may have begun to recover. However, we caution that the values at longer
timescales had wide confidence intervals because they were based on relatively few samples;
further data woul be needed to confirm the relationship.

Finally, we tested the disturbance intensity index described in S&c8don the AFC
detected disturbanceBigure5-6, bottom right). Unlike the AFC disturbance extent, we found
that the range of disturbance intensity indices corresponded to almost the full range of percent
AGBD loss (6100%). There were many samples with low (< 0.1) disturbance intensity index
values, ad this was also where the relationship appeared modinear. We therefore
subdivided the intensity index range (0.0, 0.1] into four equalrsebvals. We observed
consistency with the disturbed control group results, finding that the 2.1% (95%8%, [2
3.6%]) median biomass loss in the control group was only slightly less than the median 3.8%
(95% CI F18.3%, 18.1%]) biomass loss observed in the-aesw range of disturbance intensity
index (0.0 to 0.025). We tested linear, logarithmic, and sqoatéransformed models, and
found that the square root model ( p p&8w pd) had the best fit (R=0.91, p = 0.0001).

This model also mapped zero to nearo, which is consistent with intuition about the true
relationship between disturbance intensity and biomass loss. Finally, as described in Section

5.3.6 we confirmed that this relationship was not due to missed disturbance bias alone by
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checking for a statistically significant positive correlation between disturbance intensity and

biomass loss while controlling for disturbance extent (Supple@&ijt

5.4.4 Forest structural changes following disturbance

As with AGBD, mean RH 98 loss betweena®d S was greater in the treatment group
than the disturbed forest control group for both GL-d&ected and AFR@etected disturbance
events f < 0.001; p < 0.001However, unlike AGBD, the RH 98 losses followed a somewhat
bimodal distribution, with many disturbances corresponding to either large (> 75%) or relatively
small (< 35%) RH 98 losses (Figu®). The high RH values (98, 95, 85, 75) in GEDI
waveforms are known to be heavily influenced by tall trees that have most of their vegetation in
the upper canopy, even if such trees covered only a small part of the GEDI faq&pyirdt al.,
2021) If any of these trees were left standing in a disturbed area, the RH 98 values may not have
shown any change. At the same time, the loss of a large tree would have left a large canopy gap;
if the GEDI footprint fell directly in this gap, it may have ledapparently large canopy height
losses even when the area did not experience complete deforefRatyoet al., 2021)These

effects may have contributed to the bimodal response in RH 98.
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We used the neamincident shot approach to investigate structural changes in burned
forests. We identified 614 GLAIRentified disturbances that met the FAO definition of forest at
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(Figure5-7, top right). The GEDmeasured vertical PAI profile provided a more detailed look at
the state of these 0c agugdy, bgitonereweg. mbusneédfordstu r n e d
samples where the canopy is mostly lost (red curves), the PAI was narrowly distributed around
zero in both the understory and upper & retdries, indicating a neaomplete loss of
vegetation. | n f c omes (dlye cyrves), svidle thieeuddérstdryuPAlragaith  f
peaked around zero, upper & rrEtbry PAI had a nozero peak and a longer positive tail.

Notably, the distribution of postisturbance PAI in the upper & mgtories was still

substantially diminisheddm its distributionprel i st ur bance (green curves

preservedo samples where RH 98 did not exhibi

5.5 Discussion

This study provides the first largeale demonstration of the use of spaceborne near
coincident GEDI shots to measure tropical forest disturbances. These measurements were rare in
the Amazon biome: on the order of one in ten thousanddughty GEDI slots happened to fall
near an earlier GEDI measurement with a disturbance intervening. We implemented an efficient
data processing pipeline to sift out these events, along with a control set-obime@tent shot
pairs in disturbed areas but without imeming disturbance. We found that, despite the rarity of
these events, the billions of measurements taken by the GEDI instrument allowed us to build a
sizeable dataset estimating forest changes following satd#lieeted disturbances. Using this
datasetye demonstrated that, at the population level, GEDI measurements captured statistically
significant biomass and canopy height losses following tropical forest disturbances as small as
30 m wide. We found that GEEstimated percent biomass loss was rdlaganultiple factors,
including the size of the disturbance and the time since disturbance. Importantly, we also
demonstrated for the first time that a Landsased metric, proposed in the literature to be
related to disturbance intensity, was indeed-weirelated with percent biomass loss. This result
builds confidence in the AFC detection maps, which are partly based on this metric, and suggests
that it may be possible to estimate disturbamtated carbon emissions at a regional scale using
opticalimagery alone. Finally, we used GEDI to look beyond canopy height losses and carbon
emissions, measuring the complex structural changes taking place below the canopy in burned

forests.
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5.5.1 Evaluation of the potential to use GEDI for measuring changes in disturbed and
heterogeneous canopies

To our knowledge, this is the first largeale study using spatially neasincident GEDI
footprints to quantify the impacts of tropical forest change. Previous work based on simulated
GEDI data urged caution when analyzing multitemporal GEDI shots imetleeogeneous
canopies typical of disturbed tropical forests, highlighting that under these conditions GEDI
geolocation error may cause variance in RH metrics between footprint pairs that is similar in
magnitude to the canopy losses that one might semleésuréRoy et al., 2021)In order to use
GEDI to detect and measure change in individual locatiRog,et al.suggested simulating
repositioned GEDI shots on an ALS scan of the study region and establishing a significance
threshold for detecting loss based on the variation in the simulated shots. However, this approach
is limited to smalleiscale studies in areasth coincident ALS data.

Like Roy et al, we found that sensor noise and geolocation error limit reliable change
measurements at individual locations, as is evidenced by the wide variance between nearby shot
measurements, even in the control grolpgure5-4). However, we found that it is possible to
use GEDI to understand populati@mvel losses by aggregating GEDI measurements across
many disturbances. Our methodology thus offers a path forward fordeaige studies to
measure populatiekevel change andstablish whether this change is significant given the
uncertainties caused by variation in heterogeneous canopies at high resolution. We created a
disturbed forest control group containing shot pairs in the same types of heterogeneous canopies
as the tremnent group. While the higher variance and lower correlations observed in this control
group compared to the set of all shot pairs confirmed the need for careful treatment of repeat
footprint data in disturbed forests, we found that the observed changge®ojy height and
biomass were indeed significant relative to the disturbed control, offering the firsstige
demonstration that GEDI captures tropical forest loss in disturbances as small as 30 x 30 m in
size using the neamoincident footprint métodology.

Moreover, the disturbed control group itself, when compared to the set of all shot pairs,
offered insights into the temporal patterns of change in disturbed tropical forests. We observed
an average decline in AGBD betweena8d S in the control groups selected from disturbed
forests greater than that found in the set of all shot pairs. This indicated that disturbed forests

were continuing to lose biomass over the thyear period of our study even when the pixel
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wise area of disturbance marked by the GLAD and AFC maps was not expanding. This finding
was also corroborated by the spéaetime substitution analysis that we performed with the
GLAD dataset, which found that for up to 12 months after disturbancentdriomass loss rose
with increasing time since disturban¢egure5-6, bottom left). Together, the control group and
spacefor-time substitution analyses allowed us to quantify biomass losses taking place in
disturbed forests beyond what is reflected in the GLAD or AFC disturbance detection maps,
which are limited by theipixel resolution and are not designed to consistently identify
increasing levels of disturbance over time in the same location. These findings add support to
recent evidence that GEDI may be able to detect biomass loss even where existinglsetedite

monitoring algorithms do not perceive changes in forest d@encanson et al., 2023)

5.5.2 Using GEDI to understand disturbance through multiple layers of the canopy
Subcanopy tropical fires have historically been difficult to measure through remote
sensing datasefdsner and Alencar, 2010but understanding the forest structural changes that
take place in nowleforestation disturbances is critical to understanding the integrity of the
remaining ecosysteliGao et al., 2020; Milodowski et al., 2028tudies using simulated GEDI
suggested that the instrument might be able to measure fires primarily affecting the understory
(East et al., 2023pnd our results confirmed that spaceborne GEDI vertical PAI metrics
reflected subcanopy fire dynamics. We found that these subcanopy changes may be concealed by
looking only at topof-canopy height loss; for example, in around 20% of burned samples3 RH 9
did not exhibit a large change while upper & roahopy total PAI dropped substantially and
understory PAI fell to neazero. Other derived GEDI metrics, such as foliage height diversity,
may help us to understand how disturbance affects the integrigynaiining habitafMacArthur
and MacArthur, 1961)Spatially nearcoincident GEDI footprints thus offer a unique opportunity
to understand the complex dynamics at play in ecosystems restructureddigmaneplacing

forest disturbances.

5.5.3 Validation and comparison to prior work

We arenot aware oturrent largeextent, high spatial (< 100 m) and temporal (annual)
resolutionremote sensing products measuring AGBD that could be used to directly corroborate
the beforeandafter measurements taken by GEDI in dense tropical forests; GEDI offers a

unique view in this regardHowever, prior work has estimated the average carbon deficit across
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tropical degraded forests by comparing measured biomass in degraded forests with nearby intact,
old-growth, or interior forest areafable5-2 compares the average carbon loss estimated using
nearcoincident GEDI shots across our sample to prior work that estimated the carbon deficit in

degraded tropical forests using various methods.

Table5-2: Comparison with prior work

Source Estimated Notes Data Region
carbon deficit type
. ________________________________________________________________________________________________|
AFC treatment | 23.1 MgC/ha Average carbon loss (AGBD| Remote | Amazon
group (this work) | (28.7%) 1 AGBD>) * 0.47 sensing | biome
GLAD treatment | 26.0 MgC/ha Average carbon loss (AGBD| Remote | Amazon
group (this work) | (37.1%) I AGBD») * 0.47 sensing | biome
Zhu et al. (2023) | 21.8 MgC/ha Average deficit of degraded | Remote | Tropical
forests (including burned, sensing | moist
isolated, edge, and other forest
degradation) compared to
nearby interior forest
Heinrich et al. 50% Relative difference between | Remote | Amazon
(2023) intercept of spacéor-time sensing | basin
substitution model and mear
biomass in comparable intag
old growth forest.
Rappaport et al. | 45.1% Relative difference between | ALS Mato
(2018) intercept of a spaem@r-time Grosso
substitution model and mear (Amazon)
biomass in comparable intac
old growth forest.
Laurance et al., | 8.8% average; | Average deficit of field plots | Field Central
(1997) up to 36% in within a 100 m forest edge | plots Amazonia
some plots zone compared to interior
forest.

The estimates dthu et al(2023)would be expected to be most similar to our work,

because they also use the AFC maps to identify degradation and they compare degraded forest to
nearby interior forest. Indeed, we find good agreement, especially for the AFC treatment group.
The estimatesf Heinrich et al2023)andRappaport et g2018)would be expected to be higher

than our work because they compare the biomass in degraded forests to old growth forest;
whereas Hestimates the nearby pdesturbance forest state, which is likely to have lower

biomass than old growth undisturbed forest. The estimatesupnce et a11997)would be
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expected to be lower than our work because they consider only-@ngeedge effects and do
not measure the immediate aftereffects of disturbance events.

There are also uncertainties and sources of bias associated with the estimated carbon
deficit from our work listed imable5-2 that may cause differences with prior estimates. First, as
described in Sectiob.3.4 our estimates are expected to be conservative due to missed
disturbance bias, especially for small disturbances. Second, aggregating our sample as a single
average biomass loss does not account for spatial correlations in the data, which was not a
randomsample of disturbances across the Amazon. Certain regions may have been oversampled
according to the resonance patterns of the International Space Stajime$-2). To obtain
accurate regional estimates of average and total carbon losses in disturbed forests, which we do
not do in this paper, the data should be resampled for even spatiotemporal coverage and then
stratified based on disturbance type and intensigt{&n5.5.6.

We also note that spaceborne reaincident shot data is inherently difficult to validate
with field plot data. The locations of nearby pairs are unpredictable, and their sparseness makes
it vanishingly rare that they fall within small existing field gloTo remedy this problem, the
GEDI simulator{fHancock et al., 201%ould be used to augment the spaceborne data with forest
plots that include field data and repeated ALS scans. Even without repeated ALS measurements,
single ALS scans could be combined with single GEDI overpasses to creatdikzBidfore
andafter measrements of disturbance with coincident field data for at least one of the timesteps
(Roy et al., 2021)Upcoming remote sensimgissions such as NISAR -band and $and SAR)
and the European Sp altaed SAR) pronisg td grovideBargateng s s 0 ( P
high spatial and temporaésolution AGBD estimates in these ardas their sensitivity to small
scale disturbance will need to be tested, perhaps in conjunction with GEQGdeata et al.,

2022)

5.5.4 Limitations and challenges

Spacebornaearcoincidentshot data is likely not suitable for measuring very small
disturbances. Our results did not preclude the possibility that GEDI could capture biomass loss in
disturbances under 30 m wide, but very small disturbances may have fully recovered by the time
tha the GEDI sensor passes over the region or may not have been detectable by GEDI in the first
place given the level of noise in the data. In addition, adeseriban Section5.3.4 isolated

disturbances with sizes on the order of the GEDI geolocation error have a higher chance of being
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missed altogethdsy the second GEDI shdilew proposals for GEDI geolocation correction

(Tang et al., 2023re promising and will help rectify the underestimation of losses in small (10

30 m) disturbances using our method. In the meantime, our results show that, despite the missed
disturbance bias, even ~30 m adeforestation disturbances detected by the AFC maps have
statistically significant losses relative to the control group, asl@am disturbances detected by
GLAD. We argue that GEDI is therefore be useable to obtain a conservative estimate of
populationlevel losses for small disturbances-A®m). h many contexts, an underestimate of
losses in small disturbances is preferable to excluding those losses entirely.

We emphasize that while it is possible to estimate biomass losses and structural changes
in aggregate using our presented methodology, the observed changes at any individual location
are not reliable due to the variance caused by geolocation error @etdrsirheterogeneity in
disturbed forests.

Finally, while the AGBD models used by GEDI were extensively validated on local field
data with good representation across the Amazon b{bamecanson et al., 2022hd have been
used to estimate biomass in disturbed Amazonian fafi@stscanson et al., 2023hey were not
developed exclusively on disturbed forests and may be less accurate in these regions. GEDI
AGBD estimates are based on RH 98 and RH 50 in the Amazon biome, but these parameters

may not be optimal in disturbed forests or may have a diffegtationship to AGBD.

5.5.5 Broader implications for the GEDI mission

The finding that neacoincident GEDI shots can be used in aggregate to estimate losses
following moderatescale tropical forest disturbance may have broader implications for decisions
guiding thefuturedirection of the GEDI mson Early in the mission;the ability of GEDI to

detect degradation [was] still to be determin@ibayah et al., 2020%iventhe evidence

presented here that spaceborne GEDI is in fact sensitive to these changes, it may be worthwhile
to prioritize the observation of tropical degradation hotspots and improve the representation of
disturbed forests in the biomass model training.dia addition, there is high scientific value in
retracing existing shot corridors when the GEDI sensor resumes data collection in late 2024. In
this study, it was difficult to use the neasincident footprint analysis to draw conclusions about
forest changes at long time ranges because there were only around three years of GEDI data in

our study, and 75% of the total footprint pairs we identified fell within one year of one another.
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Footprint pairs spanning longer temporal durations will shed light onterng forest trajectories

following disturbance, including monitoring potential forest recovery.

5.5.6 Future opportunities: extrapolating to biomass losses at a regional scale

The approach developed in this paper has so far only been used to estimate biomass
losses in a sample of disturbance events: those that happened to fall temporally between a pair of
nearby GEDI shots. However, part of the promise of identifying such desgtpat it might be
possible to extrapolate from it, for example by estimating total biomass loss from disturbance
across a region or various proximate causes of disturbance. The dataset developed in this paper
offers two avenues for extrapolation. Ejis can be used to create a random sample of loss
measurements for different subregions, degradation types, and degradation intensities; average
biomass loss can then be combined with estimates of the area of degradation in each category to
estimate totdlosseqBullock et al., 2020a; Penman et al., 201%3cond, it can complement
these samplbased regional estimates with a spatially explicit, fmggolution map estimating
| ocal degradati on car b sillikktals 20225Thiscardbe éichieveds p ot s
by developing models based on this dataset that directly relate the signal observeetdsy wall
wall satellites to percent biomass loss. We took the first steps towards such an analysis with the
AFC dataset (Sectiof.4.3, where we found a good model fit{R 0.89) using a disturbance
intensity index based on Landsat alone. The index and model had several desirable properties: (i)
the intensity index mapped to the full range of percent AGBD lossE80®), (ii) neaizero
disturbance intensity correspondedpercent biomass loss approaching the control, and (iii) the
fitted model was based on a large and diverse sample dataset spanning the Amazon biome. To
our knowledge, this is the first largeale demonstration of such a relationship; using our
dataset, ther relationships proposed in the literature can also be tested for the first time on
regions extending beyond limited field si{@guino et al., 2022)Moreover, it is possible to
extend our dataset across tropical moist forests, with both the GLAD and the AFC maps offering
pantropical disturbance detection. Ultimately, models fitted to this unique dataset can be used in
combination with existing distbance detection methods to create spatially explicit annual

pantropical maps of carbon emissions due to forest disturbance.

5.5.7 Conclusions
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In this study, we proposed a novel approach to estimating the structural and biomass
impacts of forest change using neaincident GEDI shot pairs that capture intervening
disturbances. We analyzed this dataset while accounting for the variance cagsetbbgtion
uncertainty and canopy heterogeneity in disturbed forests. We demonstratatttieat,
population level, GEDI was able to measure a statistically significant biomass and canopy height
deficit following nondeforestation disturbances as smalB@ m x 30 m (0.09 ha) in siA&le
found evidence on multiple fronts that disturbed forests continue to lose biomass after the initial
disturbance. We used GEDI to look under the forest canopy, measuring thditheesional
structural changes that follow burn events. Finally, we rélpéecent biomass loss to multiple
factors, including a disturbance intensity metric based purely on Landsat data, taking the first

steps towards a spatially explicit pantropical map of biomass loss due to forest digturbanc
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6 A pantropical assessment of the impacts of forest degradation

The previous chapter provided a robust methodology in answer to the motivating
computational question of this thesis: whether and how GEDI might be able to measure short
term impacts of disturbance in dense tropical forests. The following chapter appl@sposed
methodology to answeny motivating ecological question, assessing the impact of tropical
forest degradation on global carbon fluxes. It also begins to investigate the impacts of
degradation on biodiversity by quantifying changes in a key prargble for biodiversity:
forest structural complexity.

Thechapter is in preparation for publicationNiature Climate Changer a related journal.
Section6.3also includes data and a figyfggure6-4) from workon which | am a cdirst
author(Heinrich and Holcomb et aly prep. Thisfigure will not be included in the journal
publication of this chapter, but is included in the dissertatom provides valuable context and
validation for thechapter
This chapter can be cited as follows:

Holcomb, A., Bourgoin, C., Heinrich, V., Coomes, D.A., KeshavinSreparation A
pantropical assessment of the impacts of forest degradation.

Abstract

Tropical forest degradation is an important contributor to forest carbon fluxes, but, unlike
deforestation, it is difficult to quantify its effects using existing remote sensing. As a result,
degradation is difficult to incorporate into climate policieghwo internationally agreedpon
definition or consistent monitoring mechanism. In this study, we use data from a novel
spaceborne lidar sensor to produce a pantropical sample measuring aboveground carbon and
forest structural complexity before and aftiesturbance events. We find large spatial disparities
in the impacts of disturbance, with the highest relative carbon losses following incursions into
interior forest along recent frontiers of deforestation, as well as following more persistent
disturbane events. Forest structural complexity diminishes following disturbance, with the
greatest losses following fire everfsough fires also take place in the least complex forests. We
assess total carbon losses due to tropical moist forest degradati@a022, finding losses of

68.2 TgCl/yr with 58% of losses coming from the Amazon biarmeuch smaller losses than
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thosereported during the 2016 El Nifio evett.a moment when internationlbdiesare
actively seekingppropriate methods ttefine andquantify the impacts dbrestdegradation,
this work representsath forwardwith thefirst spatially explicitpantropicakestimates D
carbon losss based on direct befeaadafter sampling of degradation events

6.1 Introduction

Around45% of remaining tropical rainforest is considered disturbed by huthang et
al., 2019; Vancutsem et al., 202having experienced persistent partial biomass losses short of
complete deforestatiaiiNeeff et al., 2024)with major implications for international climate and
biodiversity goals. Disturbances are caused by a range of drivers including selective logging, fire
and forest edge creation, and carbon emissions from degradation vary (Baedini et al.,

2017; Berenguer et al., 2014yt in some regions may already surpass the emissions from
deforestatior{Matricardi et al., 2020; Qin et al., 201®9poking beyond carbon, changes in
forest structure resulting from degradation have been associated with reduced ecosystem
function and integritfGrantham et al., 2020; LaRue et al., 2018ith recent advances in
satellite remote sensing, it is possible to detect even smaBQ@dwide) disturbance events
(Reiche et al., 2024; Vancutsem et al., 20B1L} the impacts of these events, in terms of carbon
emissions and forest structural changes, remains poorly undefBmagyoin et al., 2024; Gao

et al., 2020) The longstanding difficulty of quantifying these impacts consistently and accurately
has hindered effective climate policy. Degradation is often left out of colavey FAO

reporting and the UNFCCC global stocktake despite widespread agreemenstlileglif an
important contributor to tropical forest carbon fluxBieeff et al., 2024)while the Kunming
Montreal biodiversity framework is weakened by a lack of {fjghlity ecosystem integrity
indicators that could monitor the impacts of anthropogenic degradatimnests(Pillay et al.,
2024)

Largescale satellite studies cannot measure degradediated carbon losses directly,
because existing optical and radar instruments are unable to provide data at high spatiotemporal
resolution that penetrates dense tropical forest can(peetz et al., 2022)nstead, recent work
relies on one of two approaches: (1) it applies fixed emissions factors (e.g. 30%) to all detected
disturbance even(Esillik et al., 2022; Fawcett et al., 2023; Lapola et al., 20@3(2) it
compares the carbon stocks in disturbed areas to those of nearby undisturbed forest, attributing

all differences to observed disturbance events and often relyimgpdinit assumptions that the
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detected disturbances of-30 years ago had similar impacts and biomass loss to recent
disturbance¢Bourgoin et al., 2024; Heinrich et al., 2023; Zhu et al., 20Q8pantifying changes
in forest structure is yet harder, with no laggale pantropical studies assessing changes in
forest structural diversity following disturbances. Airborne Laser Scanning (ALS) provides
valuable reference measurements of the impddt®pical degradation on both carbon stocks
and forest structure but is thus far mainly limited to select transects nctataeas of the
Brazilian Amazon and Sabah, Malay#@sillik et al., 2024; Jackson et al., 2024; Rappaport et
al., 2018)

The Global Ecosystem Dynamics Investigation (GEDI) offers an unprecedented
opportunity to understand the local carbon losses and forest structural complexity changes
caused by disturbance at a pantropical scale. The GEDI spaceborne lidar system, istilige ex
satellites, is designed to penetrate dense forest canopies, providing forest structure and carbon
stock estimates for billions of sampled2&ter diameter ground footprints over its initial
mission lifetime(Dubayah et al., 2022a; Duncanson et al., 20P2¢ GEDI instrument does not
have a regular repeat cycle, but it did sometimes measure nearby locations twice; occasionally, a
disturbance event detected by optical satellites happened to occur between these two
measurements. Such pairs of GEDI footprindve been shown to be sensitive to carbon losses
and structural changes following even relatively small (~30 m wide) disturbances, including
those detected by the tropical forest cover change map from the EU Joint Research Centre (JRC
TMF) (Holcomb et al., 2024; Vancutsem et al., 202he JRCETMF map, widely relied upon in
both scientifiq(Bourgoin et al., 2024; Heinrich et al., 2028)dpolicy context{EUDR, 2023)
provides an annual 3@ resolution waklto-wall classification of tropical moist forest
disturbance, deforestation, and regrowth using Landsat imagery. Froa2@P39GEDI
captured ovet 00,000 befor@andafter measurements of tropical forest disturbances identified
by the JRETMF maps across the Amazon biome, Congo Basin, and tropical moist forests of
Southeast Asia, comprising the largest and most spatially diverse sample of its kind.

Using this novel dataset, we investigate the extent to which the impacts of tropical
degradation vary across spatial regions. We consider the predictive value of multiple potential
drivers of this variation, including the intensity of the disturbancenitial biomass in the
region, and the relation of the disturbance to landseapke processes, such as the presence of

recent frontiers of deforestation. We also investigate the differing structural and carbon impacts
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of various proximal causes of disturbance: fire, selective logging, and edge effects. Finally, in a
consistent, spatially explicit manner acrosswiettropics we quantify the total emissions due to
forest degradation for the years 2€2@P2. We map recent hotspots of degradation losses and
compare our estimai¢o recent literaturé/Vith ongoing efforts at the UN FAO and other
agenciego appropriately define and monitor the impacts of forest degradation at the national
level (Allison et al., 2023; FAO, 2011; Neeff et al., 202Bjis work represents a path forward

using spaceborne lidar threctly estimatehe impactof degradation in critical forest

ecosystems.
6.2 Results

6.2.1 Large spatial variation in disturbance emissions factors

Most largescale remote sensing methods for understanding disturbance are unable to reveal
spatial patterns of variation in disturbance intensity, using only a single classification

(Adi stur bedo (Reichefetwaln 2024 & mleobthudhb gmissions factdCsillik

et al., 2022; Fawcett et al., 2023; Lapola et al., 2d28)e we show that different disturbances
identified by JRETMF are in fact associated with substantially different carbon impautisywe
relate these differences to several factors. To uncover these relationships, we examined the
spatial variation across the tropics of the-pectare carbon losses associated with a disturbance
event identified by JRTMF. Following the methods dolcomb et a(2024) we created a
pantropical sample of GEDI footprint pairs with intervening JR@F disturbance. We then
divided the tropical moist forest region inté@kmdiameter hexagonal grid cells, analyzing the
aboveground carbon density (ACD) change betweergmet posidisturbance footprints for

each cell. We omitted cells with insufficient sample sizes (see Methods). We found large spatial
variation in the ACD loses associated with disturbanEg(re6-1), with a coefficient of

variation as high a87%between grid cells within a continental region.
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Figure6-1: A disturbance identified by JRCMF corresponds to different amounts of biomass loss in different

regions. The figure shows an egaata hexagonal grid (diameter 250 kaw)oss the tropical moist forest biome
delineated byOlson et al (2001{dark gray) Colors correspond to the average biomass loss associated with a JRC
TMF disturbance sample in that hexagon cell. Darker blue indicates greater losses (up to 80 MgC/ha loss), while red
indicates a small amount of growth, on average. Cells with no data domtatn samples from at least two unique

GEDI orbit pairs, making it impossible to compute sample variance, or have fewer than 25 samples.

Around 25% of cellshat fell within the tropical moist forest ecoregidelineated by
Olson et a[2001)did not have sufficient sample s&e draw conclusions about disturbances.

In northeastern Amazoni&abon,and the mountains of Bornabjs can be attributed to limited
deforestatioranddisturbancethe rare disturbance events that do take place are unlikely to be
captured byepeat GEDI footprints. In northern Sumadradthe lowlands of Borneamost of

the regiorhas already suffereslibstantial prior forest clearirigr oil palm Western Indiaand
southeastern Chirfzelong to the tropical moist fest ecoregion but are not forested according to
the JRCTMF maps. In addition, enote that in some cells, particularly in the mostly
undisturbed forest interiordRGTMF disturbance on average corresponded to a small increase
in ACD. Thesdended to béow-intensity disturbances and may be capturing rapid regrowth or
else be the result of sampling variation or classification errors in thel BIEOmaps.

Several observable features of the disturbance were predictive of higher average losses
within a grid cell, both in absolute terms and relative to thed@teirbance forest ACD. We
considered two local features of the disturbance: mean disturive@csity as observed by
Landsat alonéHolcomb et al., 2024; Vancutsem et al., 20&Ee Methods) and mean pre
disturbance carbon density. Disturbance intensity was predictive of both relative and absolute

carbon loss across all three continents (p < 0.85; ®40 (absolute C loss)?R 0.49 (relative
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C loss)). In both the Amazon and central Africa-gisturbance carbon stock was not only
correlated with ACD absolute chang&ngazon: p < 0.05, R= 024; Africa: p < 0.05, R= 054)

but also with relative change albeit weak\n{azon: p < 0.05, R= 009; Africa: p < 0.05, R=

0.30), with higher initial carbon stocks resulting in greater proportional losses. However, in
southeast Asia, prdisturbance carbon stock showed little relationship even with absolute loss
(R?= 0.0, p > 0.05. Finally, we fouml that, in the Amazon, landscapeale degradation

processes were also weakly predictive of the degree of ACD loss associated wWitMFRC
disturbances. Along recent frontiers of deforestation, as measured by the percent of total cell area
deforested odisturbedsince 2019, there was greater relative ACD loss, on average, associated
with a sampledlisturbance (g 0.05; R = 0.11).Ahead of and behind these frontiers,

meanwhile, disturbance corresponded to smaller losses. In aggregate across all tmgeareqgi
multiple regression model based on these three predictors (disturbance intensiistupbance

C stock, and degree of landscagmale disturbance) statistically significantly predicted both
absolute and relative ACD changesstat= 90.61; p< 0.05; adjR? = 0.51); all three variables

had statistically significant contributions (p < 0.05).

6.2.2 Causes of disturbance differ in their impacts on forest structure and biomass

While forest cover and carbon stocks have often taken precedence on the world stage, the
changes in forest structural condition and complexity that may accompany disturbances are a
major concern for biodiversity and ecosystem function in degraded f¢irdy et al., 2024,

2022) Moreover, different proximate causes of degradation may result in different effects on
forest structure; in some field studies, selective logging has in fact been found to increase the
complexity of remaining forestglative to unharvested elgrowth (Soto et al., 2024)Ve

consider three proximate causes of disturbance that have been found in the literature to be
significant contributors to tropical forest emissions and are also possible to classify at high
resolution from satellite imagerfire (Tyukavina et al., 2022}%elective loggingBourgoin et al.,
2024) and edge effec{Silva Junior et al., 2020alForest fires include fires from both
anthropogenic and neemthropogenic causes; some of these may reach the upper canopy but
others affect primarily the understory. Selective logging is the legal and illegal timber extraction
that takes place withoutedrcutting and is identified from satellite imagery based on telltale

logging road and skid trail patterns. Edge effects are the ongoing losses that take place along the
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border (within 120 m) of deforested areas; here we classify a disturbance observed between
20202022 as caused by edge effects if it takes place within 120 m of an area deforested prior to
2020 and is not otherwise attributable to fire or selective loggindis case, the pre

disturbance footprint measures the area before the disturbance takes place but after the edge has
already been created. GEDI allows us to assess changes in forest structure following disturbance
using the pefootprint Waveform Stratural Complexity Index (WSClde Conto et al., 2024)

which models thredimensional (vertical and horizontal) structural complexity and is calibrated

using ALS reference data.

a Structural complexity prior to disturbance b  Structural complexity after disturbance
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Figure6-2: Different proximate causes of degradation (fire, red; selective logging, blue; edges, green) result in

different degrees of structural complexity change and ACD fod3. Kernel density plot of the distribution of

GEDI-measured WSCI prior to (A) and after (B) each type of disturbance, aggregated across all continents. In the
case of edges, fAprior to disturbanceo 6@620)abotshedRCat t he f
TMF maps had not yet identified a disturban€eKernel density plot of the distribution of change in GEDI

measured WSCI following disturbance (pdstturb WSCI minus prelisturb WSCI), for each disturbance cause

and continentvith sufficient sample sizélhe dashed gray vertical line marks 8 (no change). The colordides

along the xaxis indicate the mean of each distributibn Estimated emissions factors (median percent biomass loss
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in the sample) for each disturbance cause and contingmsufficient sample sizeBlack lines indicate the
empirical 95% confidence interval based on bootstrapping

Using repeat GEDI footprints, we can understand both structural complexity changes
following disturbance as well as the structural complexity prior to the disturbance event, helping
to characterize the types of forest that are later disturbed. We fingkthative logging tends to
occur in more structurally complex forests relative to forest edges and areas that later experience
burning Figure6-2a); it also remains the most structurally complex forest following the logging
event Figure6-2b) though it does experience losses relative to itdqyged stateRigure
6-2 c,d). This echoes prior observations that selective logging tends to take place further into
forest interiors than fire@Bourgoin et al., 2024)which are more likely to occur in fragmented
low-biomass forestéCsillik et al., 2024) Edge forests are the least complex even before a
disturbance is observed in the JRMIF maps, with a similar complexity to forests psiging
on some continent$igureD3). However, edges als®ee onlysmall losses in complexity and
relative biomass following an observed disturbaiftgure6-2 c,d),especially in Southeast Asia
where structural complexignd biomasshow almost no change when a disturbance takes place
in an existing edge. This is consistent with the notion that edge desiccation is better understood
as an ongoing process rather than a single eventTIRCdisturbances in edges may be
capturing slow chnges that have only recently become visibleandsat data. Fires correspond
to the largest biomass and structural complexity losses on all three continents, though we do not
disaggregate based on the intensity of the fire, which may vary substantially.

6.2.3 Estimation of total emissions from forest disturbances
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Figure6-3: Hotspots of carbon stock losses associated with nevdaeforestation disturbance events across the
tropical moist forests of the Amazon biome, central Africa, and SoutheasfTAgidigure shows an equatea

hexagonal grid (diameter 250 kmgross the tropical moist forest biome delineate®@Ispn et al (2001{dark

gray). Colors correspond to trmumulative disturbaneeelated carbon stock change#iowing disturbancen that

hexagon cellRedindicates greater losses (up2& TgC loss), while red indicates a small amount of growth, on
average. Cells with no data do not contain samples from at least two unique GEDI orbit pairs, making it impossible
to compute sample variance, or have fewer than 25 samples.

We extrapolate from the sample of over 100,000 bedodafter measurements of forest
disturbance to create a spatially explicit pantropical map of cumulative carbon emissions from
disturbance and degradation from 222122 Figure6-3). Aggregating across the tropics to
estimate the total carbon stock changes immediately following disturbance events, we find that
the Amazon losB9.7+204 TgClyear; tropical moist forests of central Africa lost
181 +11.8 TgClyear; and tropical moist forests of southeast Asia logt8)0 TgC/year to
disturbances. Areas in which a small sigofahcreasing carbon stoekas detected post
disturbance (see Se&2.]) indeed contributed very little to the cumulative stock changes, as
those areas saw very little disturbance overall. Overall, the moist tropics lost
68.2 £41.2 TgClyear from 2022022. 58% of losses took place in the Amazon biome, with
hotspots of loss apparent along the Arc of Deforestation in the Anj@adhk et al., 2024)
(Figure6-3). This region had both large areas of disturbance and higtigiarbance losses
(Figure6-1).
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6.3 Comparison with prior work

It is challenging to evaluate these results relative to prior work, because there are few
comparable studies capturing the impacts of disturbance at large scale. First, we consider the
median percent losses associated with disturbances of different proaimsas by examining
our results in the context of a large review of recent field and remotely sensed datasets (Heinrich
and Holcomb et aln prep. While there is substantial variation across studies and regions, we
find that our estimates are not aitline with other sources, but we find smaller losses
following edge disturbances in Asia compared to other studigare€6-4). The reviewed
studies almost all report percent carbon deficit relative to nearby old growth or interior forests,
whereas we report loss relative to prior state; this may help explain the observed differences. We
find particularly close agreement withethesults oBourgoin et a(2024)andZhu et al(2023)
who also examine the impacts of disturbances detected by thé MRTataset, though using

different methods.
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Figure6-4: Estimated percent carbon loss from tropical forest disturbances of different proximate causes across a
range of studies compiled in Heinrich & Holcomb et al (in pr&ad starsmark the estimates obtained in this

study. Note that many studies assess percent carbon deficit relative to nearby undisturbed forest, whereas we assess
percent carbon deficit relative to prior forest state.

To our knowledge, we are the first to estimate in a spatially explicit manner C losses due to
degradation across the wet tropics from 2Q2@2. However, we attempt to compare our total
estimates with prior work by aggregating our data over regions thatlycalgyn with other
studies Table6-1). We note that in almost all cases, the numbers are not directly comparable
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due to differences in definitions and time ranges. Ovevalle per-arealossesarecomparable

to other studies for specific disturbance drigiigure6-4), we findconsiderably smaller total
lossesacross the study regiomdeed, the JRCMF map identifies a smaller total area disturbed

in 20262022 than other studies have observed in previous years. Many studies use data collected
during the EI Nifio years of 204817, which resulted in abnormally large areas affected by

drought and fire across the Amazon. For exam@lsi)lik et al(2024)find forest degradation

and natural disturbances affected an area of 79,73/ykbetween 2012017 in the Arc of
Deforestation alongndBullock et al(2020b)found 60,000 krffyr in the same time range for

the entire Brazilian Amazg whereadRGTMF identifiesa total newly disturbed area of

49,691km? overall three years 2020022 across the Amazon biome.

Table6-1: Comparison of gross annual degradation emissions estimated in this study with prior work

Est. gross
annual
degradation
Ref. Region Years emissions Methods
Use auxiliary data sources only, not spatic
explicit
1 Selective logginglPCC expansion factor
on FAOreported logged volume
Harris et al 1 Fuelwood Socioeconomic modekith
(2021); Tropics and expansion factor
Pearson et subtropicsall 2005 1 Fire: Global Fire Emissions Database, 1

al (2017) foresttypes 2010 2.1 PgClyr deforestation based on fire persistence

9 L-VOD biomass (0.25° resolution)

9 Hansen Forest Area Fraction (FAF)

Within a 25 km x 25 km grid cell, if the cell
Qin et al Brazilian 2010 has >10% FAF therall losses in the celare
(2021) Amazon 2019 327 TgClyr attributed to degradation.

Apply fixed emissions factors from

individual field studies for each of {drough
Lapola et al 2001 logging, fire, and edge} to lowesolution (uf
(2023) Amazon biome 2018 200 TgCl/yr to 55 km) maps of disturbance.

9 L-VOD biomass (0.25° resolution)

1 JRGTMF to identify degradation

Apply fixed 35.3% loss to areas marked
Fawcett et 2011 degraded by JR@Gnd an agdased loss
al (2023) Amazon biome2019 151 TgCl/yr function inedges
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Non-edge degrade: 97 TgClyr;
Edge degrade: 54 TgClyr;

Arc of High-quality repeafALS surveys irsampled
Csillik et al Deforestation 2016 areas of degradatioBxtrapolate using ML
(2024) (Brazil) 2018 71.8 TgClyr to entire 544,30@m? study region

1 GEDI biomass
1 JRGTMF to identify degradation
2020 Repeat footprints to assess spatially expli
This work  Amazon biome 2022 39.7TgC/yr mean disturbance losses

6.4 Discussion

While mostremotelysensedlisturbance detection mapkassifyareas as either
Adi stur bedo thisstudyhighdights that subheldssifications in fact conceal
dramatic differences in tHecal impacts of degradatiowe find that in the Amazonthe largest
losses accompany hightensity disturbances alomggions of new incursion into highiomass
forest interiorslt is of particular interest hat di sturbance Aintensity, 0
visibility of a disturbance over time in optical imaggsypredictive ofboth absolute and relative
biomass lossed his finding suggests that disturbance detection maps derived solely from optical
imagery have the potential to differentiate disturbances by intensity in a manner that reflects on
the-ground impacts, including relative losses in carbon stocks and s&dumbanplexity.To the
extent possible, we encourage rmapkers to begin to publish such metrics.

We also find that different proximate drivers of disturbamsilt in different degrees of
carbonloss and structural complexity chan@mnce again, we found that the variation in
disturbance impacts was substanimakthe wet tropics of southeast Asi@me-driven disturbances
result ind%% carbon stockoss on averageyhile disturbances detected in forest edges
correspond to closer to 10% lo¥ge found that different disturbance drives only resulted in
different impacts but also tended to oceufarests with distinct characteristider example,
fires occurred in loncomplexity lowbiomass forestsompared to the forests thaére host to
selective logging activitied his findingunderscorethe challenges inherent in tli®@mmon
approach of estimating disturbance impacts by comparing disturbed forests to undisturbed or old
growth reference conditior{8ourgoin et al., 2024; Brearley et al., 2004; Rappaport et al., 2018;
Zhu et al., 2023)Appropriate benanarksmust be established that are representative of the
types of forests that are later disturbed.
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We create spatially explicit maps of bqérdisturbance carbon loss and hotspots of
cumulative losses attributable to disturbance across the wet tropics frol2@220 his
information has vitalrole to playin defining conservation priorities at the national and
international levelDisturbedtropical forests are ofteriewed as impaired or diminished relative
to primary forestbut they are in fact dynamic ecosysteires can sustain biodiversity and
ecosystem function, particularifyconversion tgplantation forests avoidedMarsh et al., 2025)
Researclon logged areas in Borneo has suggestedigtdly disturbed forests (< 29% biomass
removal) retairhigh conservation value, wititle to nointervention needed for the forests to
recover their functional composition following disturbaEevers et al., 2024)n two thirds
(66.3%) of the hexagaregionswe sampledrepresenting 58% of newly disturbed tropical
forestsby areatheaveragébiomass los the regiorwas bebw this thresholdOur findings
thus emphasize thegh potentialfor conservatioreffortsin disturbed tropical forestsvhich
might otherwise be overlookday remote sensinglgorithmsthat do nodifferentiate

disturbances by their relative impact

Finally, we provide the first estimates of total carbon emissions from forest degradation

that are based on a representative saangl e

after measurements of disturbance evantsile these estimatesld keyinsightinto the changes
taking place in tropical forests, they have several important limitations. First, they are a
conservative estimate of losdes several reasons. They do not include disturbancesvérat
not captured by the JROMF algorithm,and they maylsounderestimate the effects of
disturbance if geolocation errors in the GEDI sensor catiseanisalign with theletected
disturbanceln addition, while we extrapolated from the largest sample to date of fzefdre
after measurements of disturbance events, there were still regions of the wet troplicsribat
have sufficient sample size. We omitted these areas from consideratias,tbatGEDI sensor
continues collecting data we hope ttiay can eventually be included. Finally, highlight that

t he calibration of GEDI&s carbon density
which may not be representativetbé waveforrbiomass relationship in disturbed area&®
look forward toongoing improvements in GEDI calibration and geolocation error correction,
along with refinements to the JRIMF disturbance detection algorithm, that witiprove the

accuracy of these estimates aaduce uncertainties

acr

mo d e
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Indeed, these resuligll come at a critical timegs we approach the midpoint of the UN
Decade oEcosystem Restoration, with commitmentseducedeforestatiormndpromote
lower-impact alternativeke selective loggingreducedimpact loggingandsustainable forest
managemeniGovernment of Indonesia, 2019; ITTO, 20&2JDR, 2023) Changes occurring in
disturbed tropical forests are difficult to monitmmpared to complete deforestatianth
spacebased remote sensing mostly capable of estimatingréaof change, but najuantifying
onthe-ground impactsTaken collectively, our findingsighlight that aredased change is not
sufficient to understand the impacts of disturbance, but provide a path forward fesdalge

spatially explicit monitoringising optical sensing combined with spaceborne lidar.
6.5 Methods
6.5.1 Data sources and preparation

6.5.1.1 JRC annual forest change maps

We identify areas of disturbance and deforestation using thelBRCannual change
product(Vancutsem et al., 2021Which is widely relied upon in both scientific and policy
contexts. It provides 30 m resolution annual change data across the tropical moist forests based
on the Landsat collection from 192022. The JREIMF classification algorithm uses an expert
systen to classify each Landsat image into the categories (i) tropical moist forest; (ii) potential
disruption; and (iii) invalid (due to cloud cover, poor sensor quality, haze, etc). It then uses the
temporal sequence of valid pixels (classes i and ii) tve@nformation about more complex
forest changes, with shetrm disruption (< 2.5 years) classified as disturbance, anetéong
di sruption (> 2.5 years) <classified as defore
as the ratio of disrupibservations (class ii) to valid observations (class i + class ii) in the year
when a disturbance is first detected, which has been shown to correlate well with degree of
relative biomass log¢lolcomb et al., 20243nd is used in the JROMF algorithm to help
distinguish deforestation from disturbance before three years have gldpsedtsem et al.,
2021) The classification of categories i and ii was validated at a 3 x 3 pixel level by human
inspection of Landsat and highsolution satellite imaggr It was found to have 9.4% omission
error (missed disruption) using a sample weighted towards likely areas of disturbance and 7.9%
commission error (false disruption). We use the version of the JRC annual forest change maps

avail abbP0R2 as 0
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6.5.1.2 GEDI footprint-level data

GEDI is a spaceborne |idar system that col
forests between +51.6° latitude using a 1064 nm wavelength that is designed to penetrate to the
ground even in dense tropical foredsibayah et al., 2022aFach sample consists of a 2D
return waveform that captures the vertical structure ofm@ter diameter footprint on the
surface of the earth. The GEDI footprievel data includes several metrics derived or modeled
from this waveform, which are caléed using a large dataset of coincident field plot and ALS
data. The GEDI Level 2A relative height (RH) metrics reflect the density of plant matter
occurring above and below a given height, wheratthB®H metric is the height above ground at
whichi% of the total waveform energy has been returned. The high RH metrics (RH 98, RH 95)
measure tojf-canopy heigh{Potapov et al., 2021Yhe GEDI Level 4A aboveground biomass
density (AGBD) metric is estimated as a linear model of RH metrics, with separate models
developed for different geographic regions and plant functional f{{pexanson et al., 2022)
The provided GEDI AGBD model was different on each of the three continents we studied
(Table6-2) , t hough in all three t h#ranshonded RH59andr edi ¢
RH 98. We multiply AGBDby 0.47 to obtain ACD(Martin and Thomas, 2011finally, the
GEDI Level 4C Waveform Structural Complexity Index (WSCI), which represents both
horizontal and vertical structural complexity, is designed to mimic the Canopy Entropy index
used for ALS point cloud@e Conto et al., 2024The WSCI model used for each plant
functional type is chosen by the XGBoost algorithm as a function of all one hundred RH metrics.
In all our study regions, the GEDI data uses the model trained for evergreen broadleaf trees; this
model has an RMSE of B%. This model places heavy feature importance on both high and
low RH metrics, indicating the relevance of understory features to forest complexity in these
ecosystemgde Conto et al., 2024)
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Table6-2: Summary of the AGBD models used in the GEDI Level 4A product for the regions studied.

Study Region GEDI AGBD Model training | Model Mean Predictor
model stratum | sample size Residual Error | variables

Amazon Biome | Evergreen 3441 10.4 Mg/ha sqrt (RH 50),
Broadleaf Treé sqrt (RH 98)
South America

Congo Basin Evergreen 834 15.32 Mg/ha sqrt (RH 50),
Broadleaf Treé sqrt (RH 98)
Africa

Tropical Moist | Evergreen 4814 17.2 Mg/ha sgrt (RH 50),

Forests of Broadleaf Treé sqrt (RH 98)

Southeast Asia | General

We use the v2.1 GEDI data, which we filter using stringent quality filters that have been
shown to increase the correlation between repeat nearby footprints in undisturbed forests
(Holcomb et al., 2024)\We remove any footprints that do not pass GEDI quality checks for the
L2A, L2B, or L4A products, footprints with abo\aerage geolocation error based on the
GEDI-provided degrade flag, and footprints that may not have high enough sensitivity to
penetrag the expected canopy cover (a2 sensitivity > 0.98). We also rdouipents in areas
dominated by water or urban areas and those whose estimated ground elevation differs

substantially from that estimated by TanDBM

6.5.1.3 ldentifying repeat GEDI footprints with intervening disturbance

In this work, we use repeat neaincident GEDI footprints collected during the first
phase of the GEDI mission from 262023 to sample forests before and after new disturbances
identified by the JRIMF maps in 2020, 2021, and 2022. We follow the methmHout
in Holcomb et a[2024)for identifying repeat footprints with intervening disturbance.
Specifically, we search for pairs of GEDI footprints a8d S, that meet the following
spatiotemporal conditions2 &lls after a disturbance identified in a small (2x2) window of
pixels around its reported centeg;f8lls before the identified disturbance, and its center is
within 40 m of the center of2SSince the JROMF map has an annual resolution, we require
that S takes place before January 1 of the year in which the pixel vgas@rked as disturbed,
while Stakes place on or after January 1 of the following year. This yields a sample of
disturbances in which,$neasures the forest padisturbance, while Sserves as an unbiased

predictor of the pra&listurbance forest state.
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We tested whether the amount of time between the disturbance afidc the size of
carbon stock loss measured. We did not find evidence of a statistically significant relationship
between elapsed time and carbon stock IB$s (0.0L, p = 010), likely because the time
window we considered is relatively short (&n be at most two years after the disturbance) and

because the JRCMF dataset only provides data ataamual resolution.

6.5.1.4 Limitations

There are several limitations in the underlying data sources as well as the methods used.
The JRCTMF dataset is based on the classification of Landsat images and so is unable to
capture understory disturbances if there are no canopy changes visibl®deen Bhe
algorithm has been found to detect disturbances smaller than the 30 m resolution of the Landsat
pixel (Vancutsem et al., 2021But it is still likely to miss some small disturbances. The GEDI
data has high levels of noise even after filtering, and GEDI footprints have a mesigroae
geolocation uncertainty of 10.2 m in the v2.1 data product. Due to these uncertainties, repeat
GEDI footprints are not suitable for reliably measuring changes at a given footprint location;
rather, GEDI is used as a sampling tool to estimate aggregate popldagbohanges.
Geolocation errors in the GEDI data as well as geolocation errors port@nmaccuracies in the
JRGTMF data contribute to an effect of @Amissed
footprint may miss the disturbance event and measure nearby undisturbed forest instead. This
bias will result in some underestimation lbétosses associated with disturbance. Finally,
although GEDI AGBD models are calibrated against a large global dataset of coincident ALS
and field datgDuncanson et al., 2022)aps in the calibration dataset may affect the accuracy of
the models used. Tropical moist forests of Africa and Southeast Asia are underrepresented in the
calibration data relative to the Amazon. Moreover, while the calibration data includes some
distubed forests and spaceborne GEDI data have been used previously to study biomass in
disturbed forestéDuncanson et al., 2023he waveforrto-biomass models were not
exclusively calibrated on disturbed forests and may be less accurate there.

6.5.1.5 Proximate cause of disturbance classification
We classify the proximate cause of disturbance using several established methods. We
attribute JRETMF disturbances to fire if they take place within a 50 m circular buffer around a

burned area identified biyyukavina et a(2022)within the appropriate years. This burned area
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map has a 30 m annual resolution and is designed to capture patchy patterns of small fires
associated with human activity, though like other burned area maps it is limited in its ability to
detect lowintensity or understory fires. We attribute JRRIF disturbances to selective logging
using the classification developed Bgurgoin et a{2024) which is designed to classify JRC

TMF disturbances specifically. This method first excludes all disturbances within a 300 m
circular buffer of a burned area identified Dyukavina et a{2022) Finally, we classify the
disturbance as caused by edge effects if it occurs within 120 m of a 2020 forest edge and is not
otherwise attributed to fire or selective logging. Both the fire and selective logging classifications
have high omission errors (i 60%) but lower commission errdiBourgoin et al., 2024;

Tyukavina et al., 2022For this reason, while we use these classification maps to understand the
distribution of disturbances caused by each process, we do not attempt to estimate total losses
attributable to these processes, because we likely miss many instances of each.

6.5.2 Spatially explicit maps of degradatierelated carbon stock losses

We estimate total degradatioelated carbon stock losses across the Amazon biome and
the tropical moist forests of central Africa and southeast Asia based on the repeat footprints
sample of the impacts of disturbance and the total disturbed areasedantthe JRETMF
maps. The GEDI dataset hascroscaleimbalances, wherein some regions are oversampled
relative to others. For example, due to the orbital pattern of the ISS, GEDI oversamples at
latitudes further from the equator; it also has fewer-gjgality samples in cloudy regions. For
this reason, weubdivide the earth into equatea 250 krdiameter hexagonal grid cells within
which macrescale imbalances will have limited effect. We then aggregate the data within each
grid cell. We omit hexagons that do not have enough data in the repeat footpripts s
(> 25 sampledrom at least two unique orbjtsee Supplemem1), which is consistent with our
choices throughout that we seek a conservative estimate of total changes. We also note that
hexagons without enough samples of disturbance tend to have little total newly disturbed area
during the study period~{gureD2). To estimate the total carbon stock losses due to disturbance,
we add up the total area of newly degraded land in each hexagon in the yea26222bat is,
pixels that were previously <c¢classifiedhoads niun
the given year), and we multiply by the mean degradattated carbon stock loss of the repeat

GEDI sample in that hexagon.
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6.5.2.1 Uncertainty estimation

In addition to macrescale imbalances, GEDI also has misoale sampling imbalances
within each hexagonal cell. We use hybrid inference to estimate the uncertainty of the biomass
change sampled by GEDI repeat footprints, which propagates both GEDI biowdels
uncertainty and sampling uncertainty given that GEDIdkisteredrandom sample falling along
predefined orbital tracksiot a random samp(®ubayah et al., 2022a)Ve adapt the hybrid
inference framework established for GHPhtterson et al., 2018) the repeat footprint
sampling patterSupplemenbD1), though as noted in the supplement we expect these computed
valuesoverestimatéoth sampling and model variance. However, there are other sources of
uncertainty that we cannot propagate, including the interaction between GEDI affdMIlRC
geolocation uncertainties, which are not wllntified but will lead to missed disturbancesbia
described above. We also do not assess uncertainties of omission and commission in the JRC
TMF map, though we note that these effects are partially mitigated by our sampling design.
Commission errors, in which the JRIGAF map identifies a disturbance mdne took place,
will result in GEDI measuring little or no biomass loss on average and will therefore be
appropriately reflected in the pbeexagon average biomass change. The combination of missed
disturbance bias and unaccounted omission errors aeetexito make our total estimates of

degradation and deforestation losses conservative.

6.5.2.2 Comparison to prior work

Per-disturbance losses by proximate caudk used the work of the recent review by Heinrich
and Holcomb et alirf prep), which identifies69 peefreviewedstudiespublished betweeh988

and 2024hat quantify the loss associated with disturbances in tropical moist forests. The review
includes studies using situfield data, ALS, and spadeased remote sensing, as well as
compilationstudies using multiple dasources; the disturbances are further classified by
proximate cause if one was identified i 8tudy. There are unavoidable inconsistencies
between the studies regarding region, time period, time since disturbance, classification
methodology, and choice of baseline.

Total losses due to disturband&’e searched for recent work that provides tgtassloss

estimates due to degradation at landseagade (i.e. extrapolating beyond individual field sample
sites) in a tropical moist forest region. The study had to provide these estimates over a defined

time period and plausibly attempt to distinguish lestw deforestation and
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disturbance/degradation. Almost all studies that achieved this focused on the Amazon, which is
datarich relative to other tropical moist forests. We created g @ar average by dividing the

gross losses over the study period by its duration. Thera@mesistencies between studies

based on the covered time range and the operational definition of degradation/disturbance used.
While we have done our best to include all relevant studies, we acknowledge that this may not be

an exhaustive review of prior work.

6.6 Contributions

A.H. conceptualized the projectesigned the methodologyrote software for data management
andprocessinganalyzed the datand drafted the manuscript under the supervision of S.K. and
D.A.C,, and with inputs from C.B. and V.HA.H. and V.H.compiled the review of prior work

on percent emissions factors from disturbaand createéfigure6-4. C.B. provideddata.All
authors assisted with interpretation and presentation of resulfgovided comments on the

manuscript
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7 Discussion

Thisinterdisciplinary thesiaimed to developpensource, scalable geospatial analysis
tools thatcould enable change measurement using the GEDI s&wlging on these tool4,
sought to make progress on key questions of environmental and political impprtance
investigating the impactsf tropical moist forestlisturbance and recoveoyn global carbon
fluxes and local forest structund/hile previous work has raised doubts about the possibility of
using GEDI to measutthe subtle changes caused by disturbaihigthesis argues that the
problem was a matter gtalei and that computational techniqueslistributedgeospatial data
analysiscouldprovide the needed breakthrough.

Features of the GEDI dataggbved confounding to existing geospatial tools, and so in
Chapter 31 built the GEDI Toolbox, an extensible, easyuse, resourcefficient, opersource
systenthatenableskey environmental analyses. | surveyed the needs of a range qffosers
ecologists to NGOs teemote sensing scientists, and built a systemntieatall of their use cases
and objectivesThe GEDI Toolboxenable continentalscale analyses at speed and using a
fraction of the dislspacecompared to existg methods. At the same timejstopensource and
openaccess, integrating readily with standard geospatial tools and not relying on proprietary
systems. It has clear version control and data provenance trackdngovides guarantees of
idempotency during lorgunning operations. It is already in use at multiple institutions and has
been extendeihto a published software package making use of TileD&itang-edge
distributed databader spatial analytics

In Chapter 4, | put the GEDI Toolbox tose fusing the GEDI dataset with lofrgnning
optical satellite data sourcesdstimate carbon sequestration rates in young tropical forests in the
Amazon biome. addressed methodological challenges of the GEDI seagpropriately
propagating uncertainties during data fusion; handling spatial autocorrelation, data
heteroskedasticity, and extreme outliers; tredcomputational challenges of working at large
spatial scale and long temporal extdrite method | designed was extensiblble to propagate
other underlying uncertainties if they were made available by mapniakadsalte to flexibly
adapt to the computational resources availabtbfterentresearchex In benchmark tests on our
system, the pipeline completed in under 25 minutes, thbagtimated that a naive system
withoutthe GEDI toolbox would have taken over a month. Using this system, | provided the first
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GEDI-basedestimates of carbon sequestration rategcovering forestacross the Amazon
biome and compared them to existing estimates from other senspti.up these results by
ecoregion and found evidence of arrested successjmarts of northeastern Amazonkanally,

| uncovered discrepancies between GEDI measurements andfdifageart land cover maps,
highlighting the value of the GEDI sensor as an orthogonal data source to traditional optical
Sensors.

The analyses dChapter 5 further put theSGEDI Toolbox to the test, performiray
needlein-the-haystack search across the entire GEDI data catalogue for rare events in which
multiple measurements of the sensor happened to spatiotemporally align saste before
and after a detected disturbaneesviousanalyses had suggested that GEDI would not be
suitable for measuring chandae to geolocation uncertainties in the GEDI sensor and the
heterogeneity of disturbed forest canopiBsrough careful comuction oflargescalecontrol
and treatment groupbat accountefbr spatial and temporal confounding effedtprovided a
robust demonstration that GEBdn in fact capture populatidavel losses following forest
disturbancesThis findingopensup a wealth of new possibilities in remote sensing of tropical
forest disturbance. First, it allows remotely sensed estimates iofiplaetsof disturbance, rather
than just the area affecteslecond, it allows us to move away from spatial proxies for change,
which are known to be problematic in the case of disturbance, and towards direct temporal
measurement. Third, it allows us to investigate structural impédistarbance alongside
carbon losses, which caviden our view from a carbon myopia to indicators of health, function,
and biodiversity. Fourth, it allows us to examine for the first time at scale the relationship
between optical signals and-tme-ground disturbance impacts; | found evidence that alptic
measures of disturbance intensity are in fact predictive of Gif2lsured biomass loss.

In Chapter 6, | demonstrated the potentathe methods developed in Chapter 5 to
answelpolicy-relevantquestions about thetalimpacts of disturbance across the tropics. Using
the infrastructure developed throughout the PhD, | expanded my analyses to pantropical scale
providing spatially explicit estimates of taanualcarbon losses due to disturbance from 2020
2022. luncovered large spatial differences in the impacts of disturbance and assessed the local
and landscapscale predictors of these f@ifences. | interrogated the effects of different drivers
of disturbance on both carbon losses famdst structure, identifying differensen boththe

types of forest affected by these drivers andstitesequent changes that took place. Finally, |
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identified hotspots of disturbance carbon losses and provided novel estimates of the total carbon
lost to tropical forest disturbances from 282TP27 the first such estimates to be based on a
largescale beforeandafter sample of disturbancestside of dataich areas of Brazil and

Borneo.

7.1 Closing the international policy gapon forest degradation

In recent years, tropical disturbance detection from satellite data has advanced
dramatically, with significant efforts in identifying small disturban(@spuis et al., 2023)
identifying disturbance with minimal delay and despite cloud cover (Bullock et al, Reiche et al
2024), and tracking the fate of disturbed forests over time (Vancutsem et al 2021). However,
operationatemotely sensedisturbance detection maps limit disturbance to a binary event: each
pixel is either disturbed or undisturbed. Some of the seminal results on the larstsalape
impact of disturbance have therefore been limited to statements about thaecathsturbed
(e.g.Matricardi et al., 2020QXhough field studies indicate that the types of disturbance that affect
the largest areas, such as drought, tend to result in the smallastpévssef_apola et al.,
2023) Policy recommendations for monitoring degradation are correspondingly lirGiteat
practice guidance for Tier 1 emissions relies only on the ao¢abf disturbance, and, except in
the case of fires, states fdall biomass in are
t he year o(fAalde etalt 2006pedfactvatyaefining disturbance as a binary event
In Chapter 6, we show that the impacts associated with detected disturbances in fact vary
significantly across space, as well as by their proximate cause and intensity. Thus, while binary
maps are critical as alerting mechanisms to dire¢heiground inerventiongHethcoat et al.,
2021; World Resources Institute, 20d are awital first step for international poligythey
miss a lot of the picture when used to assess the impacts of disturbance. This thesis proposes a
novel use of the GEDI sensor that can quantify disturbance impacts in a spatially explicit manner
over large areas, helping the remote sensing and fmeservation communities to overcome an
important blind spot.

Quantifying the effects of disturbance in this way will mark a step change for
international forest conservation policy. One reason that countries struggle to report on
disturbance is that it is difficult to monitor within the framework of permanent saptfgikeused
for repeat National Forest Inventories (NHMJheeler et al., 2021 hapter 6 demonstrates that

GEDI can be used to estimate the impacts of forest degradation over exmatrggions at a
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~5-year reporting interval: precisely the spatiotemporal scale needed for national reporting
requi r ement s-anddié& Bamples of foees$t distuebances have the important benefit
of following changes acr oseareaslsampledfin N&l plote. Bont r y 0
the national reporting case, such analysis would benefit from direct partnership with individual
countries, for example by using locally calibrated biomass m¢@Qelscanson et al., 2021;
Hunka et al., 2023nd local maps of disturbance events (finiz et al., 2015; Mapbiomas
Brasil, 2018) whenever possible. An iterative process of identifying and resolving discrepancies
between local data sources and GEDI measurerti@aggiomini and Brancalion, 2024; Bullock
et al., 2023)s strongly recommended.

Even without this type of hard-hand cooperation, the methaasedin Chapter 6 can
assist in the development of Tier 1 IPCC emissions factors, providing best estimates of average
degradation impacts for countries where forests are not a large component of total emissions. For
secondary forests, the IPCC has already tsueh guidance, with a table of default removals
factors that estimate how quickly young forests can be expected to sequester carbon in different
ecoregiongAalde et al., 2006; Penman et al., 2003)wever, there is no analogous information
for carbon losses caused by forest degrada@®DI could support the development of such a
table, with repeat footprints used to robustly estimate mean biomass losses associated with
various types of disturbance events across different forest biomes. Using GEDI, there is also the
opportunity to sysmatically update default factors for each new reporting interval based on
GEDI samples collected over that period.

Another serious gap between the definitions of degradation that are frequently put
forward and current monitoring capabilities is the treatment ofgiesirbance regrowtfNeeff
et al., 2024)Conceptually, degradation can be thought of as atlenmg loss or suppression of
ecosystem resiliend&hazoul et al., 2015) an idea that brings disturbance and regrowth
together as one integrated process. This concept also readily accommodates repeated
disturbances at the same location and the interruption or delay of regrowth. However, capturing
the typi cal rniosgeowth analoss is chalengirtg @ithin current monitoring
frameworks, especially because the scientific fields of disturbance and regrowth monitoring from
earth observation have developed somewhat separately over the last 10 years (Heinrich and
Holcomb, in prep). Countries struggle to define and report on degradation accurately as a result

(Allison et al., 2023; Neeff et al., 2024Jombining the repeat footprints methodology described
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in Chapters 5 and 6 with GEfDlased SFT as demonstrated in Chapter 4 provides a promising
opportunity to capture these temporal trends. Using repeat footprints would overcome the
limitations of SFT for studying degradation (8en 2.2.3 because it would establish a realistic
temporalbaseline for the starting (poBsturbance) biomass. The extent to which forests recover
to this baseline over increasing time since disturbance could then be observed. Currently, such an
analysis is limited by the short timescales between footprint ghainsg the first phase of the
GEDI mission. The imminent release of the second phase of mission data, including data from
2024 and beyond, will offer new opportunities to pursue this analysis.

Indeed, upcoming data improvements will help overcome several limitations of the
current work. Version 3 of the data will significantly improve geolocation e(fi@sg et al.,
2023) reducing the missed disturbance bias that can cause underestimation of disturbance
impacts. Longeterm, future proposed spaceborne lidar missions will build on the GEDI design.
EDGE, proposed for launch in 2030 after the decommissioning of the ISSjgned to reduce
geolocation uncertainty and provide significantly more crossover (repeat) samples along its
intersecting trackéFricker et al., 2024)deally, future missions will target repeat sampddsng
highly dynamic frontiers of land use change, including in the tropics, to better understand
disturbanceand regrowth thereFuture investment in spaceborne lidar malsbbe matched
with commensurate investment in field campaigns. The GEDI biomass estimates are only as
good as their calibration data, and the existing calibration dataset is dominateeybyvdld
forest, with limited representation of disturbed and regngveireas. PANGEA is an exciting
project that will help remedy thi®©rdway et al., 2024)t aims to establish tropical, locallgd
field campaigns specifically in disturbed forests, and toipaitu measurements with airborne
lidar (suitable for spaceborne lidar calibration) wherever possible. This project will improve

waveformto-biomass models in disturbed and regrowing forests.

7.2 Further advances in computerscienceare vital to support the remote sensing,
environmental science, and policy communities
The methods put forth in this thesis would not have been feasible without first building
up a distributed, scalable infrastructure for geospatial analysis and data fusion using the GEDI
sensor. In Chapter 4, to propagate uncertainties from geolocatiomedthe GEDI biomass
product through to the final model without a closed form representation, we used a Monte Carlo

method coupled with SHAC estimators. A straightforward implementation of this method at the
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scale of the Amazon would have taken over a month to complete even ormagmyiry, fast

CPU machine$ection4.3.5. With a distributed data pipeline, local optimizations, and

improved reliance on vectorized computation, we were able to perform this analysis in under 25
minutesi a feasible runtime to allow for iterative parameter and model testing. In Chapters 4 and
5, we relied on the GEDI Toolbox for rastexctor data fusion between wadl-wall maps from

optical and radar sensors and the GEDI dataset. We developed a flexible programming paradigm
for customizable rasterector overlays at scale using the GEDI Toalland Apache Sedona; as

of writing this approach is already in use by researchers at two other institutions gmafrtsn
illustrating the generalizability of the method. Chapters 5 and 6, meanwhile, woulldweot

been possible withodlhe GEDI Toolba infrastructure to efficiently find repeat footprints. We

are not the first to propose using multiple nearby measurements of the GEDI sensor to measure
changgRoy et al., 2021)but due to geolocation error and sensor noise, this analysis is not
practicable unless performed at | arge scal e,
where existing geospatial tools falter. In fact, finding repeat footprints was snffyci

computationally intensive that it stretested even the GEDI toolbox system, requiring

optimizations in table structure, index design, and PostGIS tueion3.4.2 Supplement

A2). An adapted GEDI ToolbofBesnard et al., 202%ased on TileDB, a promising new

database for distributed, scalable geospatial analytics, was able to perform comparably to the
original Toolbox for almost all applications but not the repeat footprints query, for which it is
missing key features and apizations.

This thesis began by asking the question, 0@f
subtle shortandlongt er m changes i n dense taulsgguental f or es
chapters, | answered in the affirmative, demonstrating that it is possible to use GEDI for change
measurement and developing techniques for quantifying both regrowth and disturbance using the
sensor. These results beg the questomthere other ways to use GEDI to measure such
changesand night theyovercome some of the limitatis of the methods put forward in this
thesis? For example, our methods cannot obtain spatially continuous information covering all
areas of disturbance and regrowth, and they cannot provide information once GEDI is no longer
in the sky. Al/ML-based sensdusion may be able to help on both frqrig extrapolaing from
GEDI footprints to areas covered laall-to-wall satellites thaare expected toutlast the GEDI

mission Moreover, while GEDI is still flyingAl-based data fusion can help offer a more
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complete picture of disturbance impadteorporating both greenness signals and structural
changes.

We established preliminary results that indicate the promise of such techniques. In Chapter 5,
we found that certain optical signals are predictive of GEB&sured biomass loss, even for
low-intensity disturbances. This result demonstrates that optizehld@memay contain the
information necessary to estimate disturbance impacts and intetisaygh it has previously
been used only to estimate the area of disturb&méghapters 4 and 5, we found discrepancies
between different sensors, includingas®f low optically sensed recovery age but high GEDI
measured biomass and evidence of persistent biomass loss without detected disturbance in
optical or radabased products. These results demonstrate that lidar, SAR, and optical data can
act as complemeary data sources, each providing new information about the same forest.

Achieving a temporally dense, spatially continuous map of forest traits usibgsétt GEDI
data fusion will require overcoming several key challenges. First, the GEDI dataset offers only a
relatively sparse and noisy set of data labels, due to its sanpalitern and geolocation
uncertainty. For this reasotiownstream GEDI prediction tasks may requateelefficient
representations of remotely sensed imadpaised orSelf-Supervised Learnings inputsearly
work using the Barlow Twins model with GEbased canopy heigshows promising
performancgFeng et al., 2025; Lisaius et al., 2028&cond, many Al models reward regression
to the mean and do not capture the tails of a distribution well. A map that overpredicts low
biomass regions and underpredicts Higtmass may perform well enough for a global snapshot
of forests but will tend tanderestimate the impacts of both regrowth and disturbance. Efforts to
validate models or develop loss functions based on thsitdiarity of the entire predicted
distribution maybe needed teectify this problemHakkenberg et al., 2024Finally, uncertainty
estimation is key to a useful change product. The uncertainty of the difference of two predictions
is not the difference of the uncertaintiesodels will need to assess the correlation of
multitemporal predictions. Bayesian methods with an ensemble of probabilistic neural networks
are a promising first step to incorporating uncertainty into model outputs difleatly et al.,

2022)
Not all ecology and remote sensing labs have access to distributed systems researchers,
computer scientists, or even trained software engineers. For that reason, all the code used in this

thesis is fully opersource and designed with r@$ researchers mind. That saidools for
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working with large remote sensing datasets better support thesesearchers by moving away
from the currentdownloadfirst model. It is a large waste of resoure@sla major barrier to
accesdgor every researcher to-townload the same large datasets as a prerequisits to

analysis. With the GEDI toolbox, we provide a system that can at least be shared among multiple
researchers simultaneously within an institution or collaborative network. (Itsgnféctors are
PostGIS scalability which we did not run up againisiand the accessibility of the host

computer cluster between institutions/hich we did.) However, in an ideal system, no user
should have to download data. The data provider shoultbp#yto be hosted (as they do
already), and researchers would pay only for compute time. The key is for the research
community to come to a consensus on one cloud location, so that other large remote sensing
datasets will also be hosted nearby. Otherydsg/nloads will continue to be unavoidable.
Unfortunately, existing systems such as Google Earth Engine do not meet research needs, as
there are three important priorities for such a system:

T I't should not be Aopinionatedo with respec
with many standard geospatial tools. Ideally, it should be a cloud that supports virtual
machines (VMSs) so that users can drop in their existing analysis pipajaiesiahe
shared data storage.

1 All data should have clear provenance, with appropriate versioning for research needs.
Data hosts must commit to maintaining access to old data, and there should be a clear
user story for pinning data and code at a specific version. There is excitingnvtiris
frontalready( Ferri.s, 2024)

1 The data storage should follow a sestriuctured data lake design, with sensible indexing
wherever possible and spatially organized data for fast access.

On a broader level, | hope this thesis argues for the value of interdisciplinary research
between the computer and environmental sciences. It is difficult in recent years not to notice the
prevalence of technologists entering fields (or governments) albuci they presume very
much and know very little, promising to remake things from the ground up with greater
efficiency, scalability, and transparency, among other buzzwords. | would encourage computer
scientists to approach new fields with humility; grgst through the slow, messy, and essential

work of embedding themselves deeply within existing knowledge communities; and to earnestly
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search out the best solution to the problems they see, not the best problem for their preferred

solutions.

7.3 Political, ethical, and scientific risks when accounting forest carbon sequestration and
emissions in the tropics

This work is directed primarily at the community of environmental scientists and
policymakers. However, the study of sequestering carbon in secondary regrowth forests and
preventing carbon losses in existing forests is intimately tied up with the madgrat pf
naturebased solutions to achieve net zero emissions, which often comes through the
intermediary of corporate carbon credit schemes. It is vitally important to direct global capital
towards conservation and restoration projects, but corpordtercaredits are far from the ideal
source of this capital. Payment for carbon cr
that could have been avoided in the first place through behavioral or technical changes. The math
doesndt addroaaarpon budget, tike emie global effsetting capability (including both
natural and technological approaches to removing carbon from the atmosphere) barely cover the
emi ssi ons c¢ | as s iithose fdomawation, shipping,canddthdy preaeadbat,
as far as we can foresee, have no viable technical cédmalternative that will be ready for
largescale market deployment before 2qBahi et al., 2022)As a result, any carbon offsets
bought instead of avoiding or reducing emissions in other sectors constitute a failure of the
system(Childs and de Sylva, 2021; McLaren, 2019)timately, one of the greatest threats to
forests is global climate changeA g +G u tr ie®r r e z . Carbon erddits jnteriti@d2o5 )
restore and protect forest ecosystems must not be used to allow corporations to buy their way out
of rapid decarbonization; residual emissions are their only appropriate use.

At the same time, it must be acknowledged that carbon credits are stepping in where
governmental structures for climate finance have fdttd g hes Hal | Centre for
En g age m2 Aretnational diplomacy has proved itself largely unable to deliver promised
hundreds of billions of dollars in climate finance to developing countries. Growing secondary
forests and preventing deforestation and degradation needs to be profitablectortingnities
who perform this valuable woilMaclean and Searcey, 202R)y research helps to quantify the
risks of forest degradation and the carbon benefits of allowing forest to regrow, in the hopes that

it can be used to align incentives towards forest preservation and direct more financial support
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towards vulnerable frodtne communities that are working to protect and restore tropical
forests.

Another risk of carbon creditke schemes, whether implemented through corporate or
policy mechanisms, is that they essentialize the value of a forest in terms of carbon alone. Forest
loss leads to biodiversity and habitat losses, as well astheldbss ofo s y st einfors er vi ce s
food, local climate regulation, flood control, and othieret to mention the loss of sites of
cultural and communal importance. One important contribution of the GEDI sensor is that it
captures changes occurring in forests Inelycarbon loss and gain. As demonstratedhapters
5 and 6we can use GEDI to measure changes in forest structure throughout the canopy,
including forest structural indicators that have been linked to habitat suitability and biodiversity
(de Conto et al., 2024; Goetz et al., 2010; Hakkenberg et al.,.Z0#8Yepresents a notable
first step away froma carboronly accounting of forests. That sawie should be cautious in
drawing conclusions that link structural complexity to an unequivocal good. The relationship is
complicated to disentang(€overdale and Davies, 2023; Tsing, 2Q1&}h structural features
governed by ecosystem and environmental characteristics as well as disturbance regimes
(Ehbrecht et al., 2021Moreover, while forest structural observations are more complete than
carbon alone, they are still not sufficient and may leave us chasing false pathways to ecosystem
restorationKimmerer,2020) For decades, scientists have rai
forestso: forests that appear to be structur a
for example dueat hunting, invasive species, or anthropogenic depletion of a resource on which
thelocalfaunadepend Be nl2 t ez et al ., 2AGdmpromiseeustdeor d, 199
made between the outcomes that should be incentivized and the indicators that are possible to
observe. Given that laregecale remote sensing will not be able to directly measargy types of
plant and animal biodiversity, investment in remote sensing technology must also be paired with
support for field studies that connect observable indicators to biodiversity and ecosystem service
outcomes.

One important objection to disturbance monitoring from remote sensing without
additional orthe-ground context is that it may lead to the criminalization of marginalized groups
who live in and depend on the forest but are not actually linked tetéongpr fundamental
pressures on (fAhrends et al., 2021; Al Jazeera Staff, 2022}his sense, it is a feature, not a

bug, that the methods described in this thasesnot appropriate for quantifying changes
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occurring at individual locationsas emphasized throughout. Instead, these methods aggregate
high-resolution information at large scale to enable landst@apm assessments. These
assessments may be useful for scientists and policymakers seeking to understand global,
national, and submtianal trends, but they cannot be used directly for carbon accounting at
individual locationsFuture spaceborne missions may be able to achéeleed geolocation
uncertaintyand greater area coverage than GEDI, enaltioge precisdiomass change
measurement of individual locationss future missions approach this level of precision,
scientists must remain cautious not to conflate technical accuracy with an understanding of local,
onthe-ground realities.

Finally, it is important to reflect on how scientific and political discourse shapes the
valuation of disturbed tropical landscapes. For example, we sometimes point to the buffering of
primary forest loss as an added value of secondary f@W¥/sisg et al., 2020While this may be
the case, it is equally important to highlight that this phenomenon arises precisely at the expense
of secondary and disturbed forests, which are already at higher risk of futufi@daskle et al.,
2022a) These forests, while disturbed, are not unworthy of our care. A study of logged forests in
Borneo found that while key indicators often associated with biodiversity and forest health
(carbon content, plant area index) declined relative tgmth forest following logging,
ecosystem function was often maintained, with disturbaesiient species compensating their
behavior for the absence of oth@#arsh et al., 2025Replacing logged forests with largeale
oil palm, by contrast, proved disastrous for biodiversity and ecosystem function alike. Common
scientific language is problematic in this regard. With headline numbers arguing that, for
example, only 40% of foress st i | | have hi@fantharnetaly202@em fi nt e
must be cautious that we do not further threaten the foredtawves pursuit of an imagined
paradise. Descriptions of egir owt h f orests as Aintacto or evel
history of colonial conservation projects that view tropical forests as a (feoddsl) idyll that
must be protected from locabpulationgGrove, 1995)To refer to disturbed forests as
Afdegradedo i s part of that | egacy, and the i m
science communicators, we tell a storyi; Alf w

or turn our attentiontotoh er si tes of pr omi s(é&sing 80d5) r ui n, pr ol
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7.4 Conclusions

This thesis is publisheid the mdst of rapidly worsening crises of climate change and
biodiversity lossIn order to reverse thepeocessesnve must rapidly transition our economy
away from fossil fuels and work ttonserve andestorecritical ecosystems, including the
wor |l doés t r Strprgioterratiofalbpolieies aingl incentives can lead the way, but they
must be backed by robusteasirement systems that can accurately assess their ingpeitts
ground One significant measurement d&s in our understanding of the dynamic frontiers of
tropical fores$i areaghat arehighly vulneralte to degradatiorandalsohave great potential for
regrowth.Existingtechniques irsatellite remote sensiragelimited intheir ability to measure
change in key ecosystem variahleslense tropical forestds a result, major uncertainties
remain about the impacts of tropical forgedwth and disturbancevith significant
discrepancies between what policies aim to regulate and what sensors are able to imé¢laisure.
thesis, Idevelop novel methods that demonstithte potential opaceborne lidapaired with
long-running optical and radaatellites to reduce those uncertainties aadtify those
discrepanciesenabling stronger policy solutions to address tropical forestTasseresuls
would not have been possible to achieve without the speed and scale brought by advanced
distributed geospatial computingndl argue that computer scienadvance$iave a critical role
to play insupportingthe future of environmental sciengegemote sensingndclimate policy In
this moment of unprecedented anthropogenic chahgplanetand its peopleall on
researcheracrosdisciplinesto consider how thework might contribute to climate solutions.
In the words ofnarine biologisDr. Ayana Elizabeth Johnspiir his is the work of our

|l i feti mes. 0O
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Appendix A: Supplemental information for Chapter 3
Al. Backof-the-envelope accounting of data size reduction

The raw L2A, L2B, and L4A files for the Amazon, the Congo Basin, Southeast Asian tropical
forests, and Europe from 2020923 totaled 100 TB of data. The filtered PostGIS database
containing these areas is 9.2 TB, including PostGIS indices.

Two factors contribute to this total storage size reduction. First, filtering forduglity

footprints. Second, dropping redundant and unnecessary columns from the HDF5 files (columns
repeated between products, repeated within a product, derivabletfiencolumns, or never

used based on our survey of the research community).

To understand the filtering reduction, consider as a baseline the Amazon regiefR2id19

2022, where there are ~167 million footprints for which the biomass algorithm could he run (
algorithm_run_flag == 1 ). Further filtering (Ch 4) wit_quality_flag == 1 and

degrade_flag == 0 leaves 151 million footprints (~10% reduction over baseline).

Using higher levels of filtering as applied in Chapters 5 and 6 (on sensitivity, L2B quality flags,
etc.) leaves 109 million footprints (~35% reduction over baseline).

Note that this baseline is already a partly filtered dataset, and we do not have data on how many
footprints there are without any filtering. In addition, filtering conditions may remove many

more footprints in dense tropical forests, where {pgtver bears are often required and cloud

cover frequently obscures the forest, than in other regions.

If the baseline represented the full 100TB raw dataset, filtering would result in a database with
~65TB of data. Even if the baselingt @lgorithm_run_flag == 1 ) already included a 50%
reduction over the raw data (this seems very high), we would still expect the filtered database
total size to be ~21 TB. Thus, dropping redundant columns is at least a further 50% reduction in
data size, probably much more.

From this, we can see that most of the storage size reduction comes from dropping redundant
columns, not filtering. That said, filtering can contribute to at least a 35% reduction in data size.
We note that dropping columns will not have a major impaetidae speed, only database size.
Prefiltering the data, on the other hand, can contribute to query efficiency: spatialiased
queries will not need to consult filter column indices in the query path.

A2. Additional PostGIS tuning and optimization notes

To enable a performant GEDI Toolbox system, additional PostGIS tuning is recommiersded
worth noting thamany of the analyses in this theswsre performed on a suboptimal Postgres
configuration, so notechnical users can certainly work with -aftthe-box Postgres and still

access many of the benefits of the GEDI Toolbox system. However, for expensive computations
such as theoincidentfootprints query described in Sectidrt.2 particularly when run ovea

large table or regioradditional tuningmay be required
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First, PostGIS should be configured to match the available RAM and &dRlitionally, set an
appropriate penalty for disk accesbased on the capabilities of the hardware availabbtpood
starting point iittps://pgtune.leopard.in.ya¥hich providesa default recommendd®bstgres
configurationfor given server parameters.

It is also highly recommended to adjust the default configured user request timeouts to
aggressively cancel requests for users who discom#etrwise, longunning operations will
not be easily cancellable even if killed on thentside.We used the following configuration
(thoughit may be necessary to adjust this based on local network conditions):

tcp_keepalives_idle = 60 # TCP_KEEPIDLE, in seconds;

# 0 selects the system default
tcp_keepalives_interval = 10 # TCP_KEEPINTVL, in seconds;

# 0 selects the system default
tcp_keepalives_count = 6 # TCP_KEEPCNT;

# 0 selects the system default
client_connection_check_interval = 30s # time between checks for client

# disconnection during queries;

# 0 for never

Finally, after large bulk imports or before lomgnning computationally expensive queries, it is
recommended to run CLUSTER B the geometry index to dramatically improve spatial
locality of data. Thishouldalso speed up versidrased queries if there are multiple versions of
many footprints due to a partial data upd&ection3.3.4. Unfortunately, CLUSTER BY
requires system downtime for the duration of the command.


https://pgtune.leopard.in.ua/
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B2. Model uncertainties
4.981465°S, 47.610116"W

Dec 2016

Figure B2:The figure shows an example of high variance in the estimated recovery ages of adjacent pixels. This
shot is in the top 1% of recovery age variation among filtered shots. The top left shows the Tropical Moist Forest
Change map for 2021 (light green is reedng forest) overlaid on a Google Earth composite. The grid numbers
indicate the recovery ages for each pixel surrounding the approximate GEDI location in dark gray (shot size not to
scale). A dash indicates that the pixel was not classified as reap¥erast. The remaining images show the
surrounding forest context with yearly Planet mosaic imagery from the PlanetScope Tropical Visual Biannual
Archive. The approximate shot location is marked in each Planet image




16€ Appendix B Supplements for Ch 4

B3. Residual semivariogram
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Figure B3:A residual semivariogram for the model using the mean bootstrapped ACD and the mode bootstrapped
age reached an approximate silllator ~111km, with nontrivial correlation also seen at higher lags

B4. Computational specifications

We perform all benchmarking on a tgomputer cluster with a 150TB networked file system.

The first computer is used to host the Postgres database of GEDI shots and the spatial index and
has an additional nenetworked 7.5TB of storage. It has two procesatkets with 1&ore

Intel(R) Xeon(R) CPU E2695 v4 processors with a 2.10GHz clock speed. Each core is dual
threaded for a total of 72 processor threads. It has 100 MiB shared betwk8rtddhe and

512GB of RAM memory. The second computer is usqeetéorm the parallel processing. It is a
shared machine that has two processor sockets with AMD EPYC 7#0@ré4rocessors with

a 2.00GHz clock speed. Each core is e¢hetaded for a total of 256 processor threads. It has

584 MiB shared between E13 cache and 1TB of total RAM.

B5. Computational approach
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Figure B5: Diagram of spark processing pipeline.
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This supplement describes the computational pipeline we design to process the data and run the
Monte Carlo simulations efficiently and flexibly over large areas (Fig&)eOverall, the data is

too big to fit in the memory of one napecialized machine. It must be processed in small blocks
and written to disk. These blocks change throughout the stages of the pipeline and are chosen to
take advantage of data locality arettorized computation whenever possible. In the first stage

of the pipeline, the coputation is distributed over smaltx1°spatial blocks. (These blocks do

not correspond to equal amounts of data, as they may contain different extents of recovering
forest and different numbers of GEDI shots. Moreover, the blocks on the boundary of the
Amazon shape are smaller than the restvéler, this approach allows us to quickly divide up

the computation without loading or processing any data.)

This stage generates all of the data that could be used in the subsequent model runs, regardless of
filtering strategy and the model to be fitted. It is not until the final stage of the pipeline that the
computation is redistributed as paodel blocks; tis is the only stage in which moegpecific

processing is performed.

The stages of the pipeline are described in detail below.

Stage 1:Each worker in parallel reads in the GEDI data and AFC rasters fixit8block of
the region and computes pgaxel peryear recovery on the AFC rasters. All of the random
samples of AGBD and matched recovery age forodels are generated at once using
vectorized computation, which is fast in Python. This gives a table of data:

———
n trials

m GEDI shots

At this stage, only GEDI shots that do not appear to correspond to recovering forest at all are
dropped (those that fall in a 3x3 niligprhood of pixels with at least four pixels not

corresponding to recovering forest). This quick filter is weaker than any of the subsequent
filtering strategies, but allows us to reduce the data size early on and ensure that the processing
only takes placen GEDI shots that could plausibly correspond to recovering forest.

At the end of Stage 1, a checkpoint of all data is written out to disk. This allows us to restart the
pipeline from Stage 2 without recomputing all of the data. In particular, we only need to run
Stages 2 and 3 {20 minutes) to quickly apply differenttiring strategy or fit different models

to the data.

Stage 2:Each worker in parallel filters the GEDI shots within its block according to the selected
filtering strategy. Of note, since the initial filtering takes place per spatial block instead of per
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model, the filtering strategy can incorporate information about the underlying distribution of
matched recovery ages into its strategy. For example, it can filter out GEDI shots with a high
variance of matched recovery ages, which correspond tadofidence points.

Stage 3:In the final stage of the computation, the data is regroubdfflecd) permodel

instead of per spatial block. In order to fit a regression model, a single worker node needs all of
the GEDI shots that will serve as input to that model but no other generated columns of GEDI
data. This data shuffle has the potential to beersje in temporary memory usage and
computation time, but we find that even fiwwo filtering it required only 360 MB of memory

in each task. The workers generate 10 patansamples of the wild bootstrap for each model.

We do not reimplement the wild bootstrap in Python but instead wrap the R pagkaged)

which offers the wild bootstrap to estimate regression parameters. At the end of Stage 3, the
driver collects the bootstrapped parameters of all of the models and saves them to a final output
location.

B6. Simplified model pseudocode

Below, we show the simplified algorithm for generating an empirical distribution of model
parameters| i based on the underlying data. This pseudocode does not include the filtering or
wild bootstrap steps, but serves to clarify how the generated Age, Biomass pairs are fed into
guantile regression models.

model k : {

data = []
filtered GEDI shot {

a, b = MC(GEDI, AFC)
data.append({{a,b))

ay B = Regress(data)

B7. GEDI shot filtering

The strategy used to filter GEDI shots affects the quantile regression slope and intercept. We test
three different filtering strategies, each requiring greatexeagent among adjacent AFC pixel
recovery ages. We show the results of quantile regression for each of these filtering strategies.

Theflowo level of filtering includes only GEDI shots that are identified as recovering in all

trials. This is the filtering strategy most similar to that useMbyl e n k o (2022) whet a |
required the nine pixels surrounding the GEDI shot be recovering foresinmBuun® and

fihigho levels of filtering not only required the GEDI shot to be recovering in all trials but also
required some agreement on theationof recovery iMediuno filtering required the standard
deviation of the distribution of recovery ages tabe dnd thefiHigho filtering required that the
standard deviation be zero. We do not expect eveiHigho filtering level to remove all
classification errors, as neighboring pixels are likely to have correlated errors. However, it is
likely to improve the quality of the data. Interestingly, the confidence intervals widen with higher
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filtering levels, a further indication that filtering affects the distribution of the data. Investigating
this pattern at additional filtering levels is a subject of future work.

Table B7: Regression intercept, slope, and confidence intervals across filtering methods

Filtering | mean intercept | intercept CI mean slope slope CI | n points
(MgC/ha) (MgC/ha) | (MgC/ha/yr) | (MgC/ha/yr)

Low 751 | [7.15, 7.93] 1.45 | [1.40, 1.49] | 150,589

Med 534 | [4.88, 5.79] 1.73 [1.68,1.78] | 107,122

High 495 | [4.11, 5.89] 1.86 | [1.75,1.97] | 23,575

B8. Alternatives to quantile regression

One alternative to quantile regression is robust regression, which handles outliers and
heteroskedasticitfHuber, 1973)We found that robust regression does not perform well,
estimating an improbably high intercept of around 24 MgC/ha and therefore underestimating the
recovery rate. This is likely because of the extremely high variability in the data in the
heterogeneousanopies typical of disturbed and regrowing forests, caused by both inaccuracies
in the recovery maps and instability in the footptevtel GEDI RH metrics and thus biomass
density estimate@Roy et al., 2021)Previous work using spafer-time substitution on canopy

height (RH 98) recommended using a median to deal with similariésMes | enkovi | et
2022) for this reason we find that median quantile regression is more suitable than robust
regression.

Another alternative is reduced major axis regresganroll et al., 2006)which may be

appropriate here given that there is uncertainty in the recovery age (the independent variable).
Uncertainty in the independent variable can cause regression dilution bias, which lowers the
regression slope. Using thkigho level of filtering, we tested reduced major axis regression
fitted to the medhn ACD of each age group and found that the results were very similar to our
reported results using quantile regression on the dataset. The slope was slightly higher (1.90
MgC/halyr vs1.86 MgC/ha/yr with quantile regression) and the intercept was slightly lower
(2.93 MgC vs4.95MgC with quantile regession).
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B9. Heatmap distribution dfiomass and recovery period
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Figure B9:A heatmap of the distribution of mean AGBD and mode recovery period for the filtered GEDI shots.
Colors represent point density as computed by sagegroup kernel density estimator. More saturated colors
indicate a higher peak density in the AGBD dmmttion for that age group

B10. Empirical distribution of regression parameter estimates
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MgC/ha). The mean estimated®95and the 95% empirical confidence interval falls betw&dii and 5.89Right,

The distribution of estimates fpbr (regression slope, MgC/halyr). The mean estimateBiéand the 95% empirical

confidence interval falls betwedn75 and 1.97

B11l. Benchmarking

All benchmark tests were run on the compute system described in SuppBzment
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FigureB11: Distribution of computation times for Stage 1 (data loading and Monte Carlo) across 32 tasks. For this
stage, the computation is split up ot€x1°spatial blocks. The differing extent of recovering forest in these blocks
contributes to the differing processing times across tasks

TableB11: Wild bootstrap benchmark timing across filtering methods

Filtering | n points | Per-model runtime | Total Stage 3 runtime
Low 150,589 4.7 20.2
Med 107,122 22 9.9
High 23,575 0.15 1.7
B10
B12. Comparison with prior work
TableB12: Estimated regrowth rates in prior work and our own.
Reference Estimated regrowth Data source(s)
rate (MgC/ha/yr)
Pan et al. (2011) 4.67+ 50% Field plots, FAO estimates
Poorter et al. (2016) 3.05 Field plots
Cook-Patton et al. (2020) 3.37 Field plots
Heinrich et al. (2021) 13+£03t03.0+£1.0 Remote sensing
Our work 1.86 , CI: 1.75 to 1.97 Remote sensing

Note that regrowth rates are not directly comparable between studies, due to differences in
studied regions and other assumptions. The numbers here are for broad guidance only. We
compare only work that measures carbon sequestration in young tropicaéecoistlary forests

in South America. If a specific estimate is made for the Amazon region, we report that estimate.



17

1)

Appendix C Supplements for Ch 5

Appendix C: Supplemental information for Chapter 5

Cl. The Amazon biome study region
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FigureC1: The Amazon biome study region (black contour). The base map showsra#3ured RH 98, averaged
at a 6000 m resolution. Missing data (white) pixels are those that did not have at least tqualitghGEDI shots
during the study period according to fileering conditions in Supplemer@2.

C2. GEDI shot filtering

This supplement lists the filtering steps used to selectduglity GEDI shots. We found that
these filters substantially improved the correlation of RH 98 and AGBD in the control group of
all nearcoincident shot pairs, compared to only filtering basedhequality flag and

degrade_flag fields.

The following naming conventions are used:

sensitivity_a0 : Sensitivity measured using the default algorithm setting geaupgitivity )
sensitivity_a2 : Sensitivity measured using the second algorithm setting group
(geolocation/sensitivity a2 )

elevation_difference_tdx : Elevation from the TanDEMK digital elevation model minus the
elevation of the lowest mode associated with the default algorithm setting group.

(digital_elevation_model - elev_lowestmode )
tropical_evergreen_broadleaf: land_cover_data/pft_class ==

Initial filtering steps can be performed on the listed data product alone, without joining it
with other levels. Secondary filtering is performed after joining the other listed products. For
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example, L2A does not contain PFT class information, while L2B does not contain sensitivity
metrics for nordefault algorithm setting groups. Therefore, filteringsbysitivity a2 for
the tropical evergreen broadleaf class can only be performed after joining L2A and L2B data.

L2A - Elevation and Height Metrics

1. Initial filtering

These filters apply the suggested L2A quality flag and exclude inappropriate sensitivity values.
With regard to the degrade flag, a 0 indicates no sensor degradation, but sexeeonon
degradation codes are also acceptable based on recommendations fe&DLIseience team
(Healey et al., 2022Pseudocode is shown below:

quality flag==1&

0.9 <= sensitivity_ a0 <=1.0 &

0 < sensitivity_ a2 <=1 &

degrade_flag %in%
[0,3,8,10,13,18,20,23,28,30,33,38,40,43,48,60,63,68]

2. Secondary filtering

These filters increase the sensitivity threshold for tropical evergreen broadleaf forests,
which have high canopy cover and dense vegetation. We also selected shots where RH 100 (a
proxy for canopy height) is less than 120 meters, which is approximageheight of the
world's tallest known tree. We use the surface flag and check that the absolute elevation
difference relative to the TanDEM elevation is less than 150 m. Finally, we focused on
permanent land shots (i.e. not water as suggested by UMD GlaABsat observations with
classified surface water between 2018 and 2019) that did not fall in highly urban areas as
determined by the DLR 12 m resolution TanDBMGlobal Urban Footprint product.

Pseudocode is shown below:

(if tropical_evergreen_broadleaf) {
sensitivity_a2 > 0.98

} else {sensitivity_a2 > 0.95} &
sensitivity a2 <=1 &
0<=rh_100<120 &
surface flag==1&
- 150 < elevation_difference_tdx < 150 &
water_persistence <10 &
urban_proportion < 50

L2B - Canopy Cover and Vertical Profile Metrics

The filtering steps for L2B are very similar to L2A, except that we also apply the L2B quality
flag andsensitivity_a2 is not available. The lack agnsitivity a2 is inconsequential, since we
later leftjoin L2A and L2B on shot number (i.e. exclude L2B shots which did not pass L2A
filtering).

1. Initial filtering
[2a_quality_flag ==1 &
[2b_quality flag==1 &
0.9 <= sensitivity_ a0 <=1.0 &
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degrade_flag %in%
[0,3,8,10,13,18,20,23,28,30,33,38,40,43,48,60,63,68]

2. Secondary filtering

(if tropical_evergreen_broadleaf) {
sensitivity_a0 > 0.9

} else {sensitivity a0 > 0.9} &
sensitivity a0 <=1 &
0<=rh_100<120 &
surface flag==1&
- 150 < elevation_difference_tdx < 150 &
water_persistence < 10 &
urban_proportion < 50

L4A - Aboveground Biomass Density

The filtering steps for L4A are very similar to L2A and L2B, except that we also applied the
L4A quality flag. (Note that this flag may be overly conservative for research that only makes
use of the L2 products.)

1. Initial filtering
[2a_quality_flag ==1 &
l4a_quality_flag ==1 &
0.9 <= sensitivity a0 <=1.0 &
0 < sensitivity a2 <=1&
degrade_flag %in%
[0,3,8,10,13,18,20,23,28,30,33,38,40,43,48,60,63,68]

2. Secondary filtering

(if tropical_evergreen_broadleaf) {
sensitivity_a2 > 0.98

} else {sensitivity_a2 > 0.95} &
sensitivity a2 <=1 &
surface flag==1&
water_persistence <10 &
urban_proportion < 50

Local outlier removal

Even after applying quality and degrade flags, as well as the additional filtering steps described
above, some GEDI orbit segments are affected by atmospheric conditions including low clouds
and fog. Members of the GEDI Science Team developed a locaralgliection algorithm that
identified outlier orbit segments based on the 72 x 72 km EASE 2.0 grid. If an orbit segment (i.e.
part of the orbit corresponding to a 72 x 72 km EASE 2.0 tile) was identified as an outlier then
all shots from that orbit segmierwere excluded. The local outlier detection method is described

in detail in the GEDI L4B Algorithm Theoretical Basis Docum@tealey et al., 2022)

C3. Computational efficiency
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Identifying neafrcoincident footprints with intervening disturbances was a
computationally intensive task, and it was necessary to optimize our code significantly for the
computation to be feasible. We hope that our code, which is availaklgtbmo, can assist other
researchers who may be interested in studying coincident GEDI shot pairs.

The core technique was to efficiently identify neamcident shot pairs (that is,
footprints whose reported centers were less thaeters apart) using a spatially indexed join in
PostGIS. The annotated SQL query is as follows:

1 -= Create a virtuval table (i.e., a dynamically generated dataset)
2 == that contains filtered coincident shots within a given area.
3 == The virtuwal table also includes a "geo_partition" column that will help
4 -= us to split up the data for parallel processing. Each worker will be assigned
5 == 3 range of geo_partition values to process, and will only consider GEDI shots
[ == within that partition. 5ince the partitioning maintains spatial locality,
7 -= coincident shots are (almost) guaranteed to be in the same partition.
8 WITH FilteredTable AS NOT MATERIALIZED (
9 SELECT
18 *,
11 == Try to split up work evenly while maintaining spatial locality.
12 == Group shots by their 2x2 degree square,
13 == and map pseudo-randomly to a partition id.
14 MOD (MOD (hashintd(
15 (TRUNC(ST_X(geometry) / 2} % 360 + TRUNC(ST_Y(geometry) / 2)}::int
16 ), 108@8) + 1208, 180@) AS geo_partition
17 FROM Tiltered l2ab_l4a_shots
18 WHERE 1=1
19 -= WKT_STRING 1is replaced with a real polygon string
20 AND ST_Intersects(geometry, ST_GeomFromText(WKT_STRING, 4326))
21 AND 14_guality_flag = 1
22 )
23 == Perform a self=join to find coincident shots,
24 == looking for shots within 48 meters of each other.
25 -— We also Filter out duplicate pairs by only keeping pairs where
26 -— the first shot number is less than the second shot number (i.e. the first
27 -- shot was taken before the second shot).
28 SELECT tl.shot_number AS t1_shot_number,
29 tl.geometry AS tl_geometry,
30 t2.s5hot_number AS t2_shot_number,
31 t2.geometry AS t2_geometry,
32 tl.geo_partition
33 FROM FilteredTable AS t1l JOIN FilteredTable AS t2
34 ON 1=1
35 == Importantly, the table has a spatial index on the geography column and a
36 == primary key index on shot_number, which allows us to perform this guery
37 == efficiently. Geography was used instead of geometry for fast computation
38 —— of metric distances.
39 AND ST_DWITHIN(tl.geometry::geography, t2.geometry::geography, 48, FALSE)
48 AND tl.shot_number < t2.shot_number
41 -= A and B are replaced with real values which differ by worker.
42 ) AS coincident_shots WHERE "geo_partition" == A AND "geo_partition" =< B

Below, we offer some benchmarks of the code to give a sense of the computational
complexity involved and the efficiency achieved. However, running this code on different
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machines will certainly yield different results, and these benchmarks should be taken as rough
estimates onlyThepipeline to find coincident shots was performed on a single computer that
hostedthe PogEIS database of GEDI shots and the spatial indéve machine had.5TB of
SSDstorageandtwo processosockets with 1&ore Intel(R) Xeon(R) CPU EB695 v4

processors with a 2.10GHz closgeed. Each corgas duaithreaded for a total of 72 processor
threads. It hd 100 MiB shared between LL3 cache an®12GB of RAM memoryOn the

Amazon biome region during the study period described, it took approximately two days to
download and ingest all the footprint data and build the spatial index. It then took approximately
13 hours to find the set of four million shot pairs thatvigthin 40 m of one another. We ran the
computation in PostGIS with 56x parallelism.

We used a second computeprformall other computations, including the raster
coincident shot overlayét was a shared machine thatdhtao processor sockets with AMD
EPYC 7702 64Core Processors with a 2.00GHz clock speed. Eachnasrduaithreaded for a
total of 256 processor threads. 084 MiB shared between L13 cacheand 1TB of total
RAM. On this machine, the coincident shot overlay with the GLAD and AFC datasets took
approximately 26 minutes with 15x parallelism.

C4. Window size

The effects of window size interact in a complicated way with multiple factors, including the
map resolution relative to the GEDI footprint size and geolocation error as well as the size of
disturbances detected by the map (regardless of its resolutiary), fhe choice of window size
required individual judgement to a certain extent. In preliminary tests, we examined a few
options (30 m 90 m wide) in the range of the GEDI shot diameter plus geolocation error,
coarsely evaluating them on approximate namndf disturbances identified and portion of

detected disturbances in which a large change in AGBD is observed. Overall, we found that the
results did not seem very sensitive to the size of the window within this range, as long as the
window was larger thal x 1 pixel, which resulted in many fewer detected disturbances. We
therefore choose the smallest window that was at least 30 m in width and was larger than 1 x 1
pixel, which was a 3 x 3 window for the GLAD maps and a 2 x 2 window for the AFC maps.
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C5. Temporal buffering of GLAD data

Bias (Mg/ha)

=10 4
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FigureC5: Effect of a temporal buffer of different durations on observed bias in the GLAD disturbed control group.
For a temporal buffer of length H, the disturbed control group contained shot pairs satisfying the condifler T

Taist T H or Taist < T1 < T2. The duration of the temporal buffer did not affect bias, indicating that GLAD has good
ortrtime detection of disturbances.

C6. Temporal distribution of control and treatment groups

We defined Tir = T2 1T T1, where T was the date of the first shot angiWas the date of the
second shot. Around half of the overall shot pairs had<r200 days; since the treatment group
had to span a disturbance event, it was disproportionately made up of shots with fitgher T
compared to the disturbed forest control group.

It may be desirable that the disturbed control contain mostly shots that are close together
temporally because this would lower the chance that an intervening disturbance took place
between the shots that was not detected by the GLAD or AFC maps (sSemiéemenC10).
However to account for potential differences in bias and standard deviation at different values of
Taqitr, We also created an adjusted disturbed forest control and treatment group that had similar
temporal distributions.

Specifically, we binned the shot pairs in the control and treatment groups:by T
dividing the 0 1200day range into 20 equalzed bins. For each bih, with j pairs in the
treatment group arkipairs in the control group, we randomly selected k) (pairs from birb
in each of the control and treatment groups (without replacement). The results of this adjustment
are shown irFigureC7 (GLAD) andC8 (AFC). This resulted in relatively little change to the
treatment group, but a substantial change in the distributiomsahThe control group. Though
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we adjusted the groups only based an, Wwe found that the adjusted control group was also
more similar to the treatment group in the distribution of shot dates #wdSS (FiguresC7 and
C8, top two row$. We found that our results (Sectidng.2and5.4.3 held with the temporally
adjusted (TA) groups as well for both GLABnd AFCGdetected disturbances, specifically:
1 Mean biomass loss was greater in the TA treatment than the TA control group (p < 0.001)
1 Mean RH 98 loss was greater in the TA treatment than the TA control group (p < 0.001)
1 Mean biomass loss was greater in a subset of the TA group in which only a single pixel in
1 was marked as disturbecbmpared to the TA control (p < 0.001)
1 Mean biomass loss was greater in a restricted TA treatment group eflé&ECed
disturbances in which only a single pixehinwas marked as disturbegd no other
pixel was marked as deforestedmpared to the ARGetected TA control (p < 0.001).

In the TA disturbed forest control, the negative bias in (AGBBGBD1) was more
pronounced than in the unadjusted disturbed forest control (mean differeht@ #Mg/ha in the
GLAD TA control group;-9.8 Mg/ha in the AFC TA control group). This effect was less
prominent in RH 98, where the bias remained near zér6 £n aad-0.1 m with GLAD and AFC
respectively) as well as in RH 5@(5 m and0.3 m with GLAD and AFC respectively). The
correlation was also slightly lower for RH 98 (0.65 GLAD; 0.57 ABGY AGBD (0.47 GLAD;
0.37 AFC) than in the unadjusted disturbed forest control, and the percent difference between S
and S had a wider interquartile range. These effects are discussed further in Sup@étent
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C7. Temporaladjustmenbf GLAD-basedreatment and controls
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FigureC7: Left column, temporal distribution of the GLABased treatment and disturbed control groups overall
(13,740 treatment pairs, 65,137 control pairs). Right column, temporal distribution of the control and treatment
groups after adjustment to make the disttitin of time between shots ) similar to the treatment group (13,599
treatment pairs, 13,599 control pairs). The top row shows the distributiaraofls; dates in the treatment group,
the middle row shows the distribution of &d S dates in tle control group, and the bottom row shows the
distribution of Ty in the control and treatment groups.
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C8. Temporal adjustment of ARGased treatment and disturbed control groups
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Figure C8: Left column, temporal distribution of the AHGased treatment and disturbed control groups overall
(3,201 treatment pairs, 41,509 control pairs). Right column, temporal distribution of the control and treatment
groups after adjustment to make the distiitoubf time between shots {#) similar to the treatment group (2,137
treatment pairs, 2,137 control pairs). The top row shows the distributioraofiSs dates in the treatment group,
the middle row shows the distribution of 81d S dates in the autrol group, and the bottom row shows the
distribution of Ty in the control and treatment groups.
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C9. Scatterplots of GEDBimeasured forest change following disturbance
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FigureC9: RH 98 and AGBD change between($-axis) and $(y-axis) in the disturbed control groups (left) and
treatment groups (right), for GLAetected (top) and AR@etected disturbances (bottom). The Pearson correlation
coefficient standardized major axis (SMA) regression fit line parameters, and biasdjfferance) values are

shown on each plot. The dashed black lines show y = x, and the red lines show the standardized major axis
regression fit line.
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C10. Relationship of the time between shots to standard deviation and bias in the control

groups
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FigureC1Q Relationship of the time between shots to standard deviation and bias in AGBD and RH 98 for three
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We considered the relationship of the time between shots to standard deviation and bias
in AGBD and RH 98 for the disturbed control groups and the set of all shot pairs. Since the set of
all shot pairs could include some disturbances, especially over lbmgelags, we also
considered -@anlsyed oHothiimdiarcs, i n which every pi
andSwas mar ked as fAUndi sturbed Tropical Moist |
2019 to 2022 (Figur€10, green curves).

Based on Figure S6, we made several observations:
1 The negative bias in AGBD was greater in the GL-B&sed and AFdased disturbed
controls thamntlhyed suentdi osft ufribretda csthot pair s,
Tairr (FigureC10). This indicated that areas marked as disturbed in the GLAD and AFC
maps were persistently losing biomass, over and above undisturbed regions, in a way that
was not reflected in the disturbance maps.

1 The RH 98 standard deviation in the GLARsed disturbed control was notably higher
than the AFC disturbed control or the set of intact shots; the bias was also larger (more
negative). This was not reflected in the AGBD metrics.

1 The period from 90A000 days was an outlier in AGBD bias, with much more negative
bias than other time intervals. This was not as noticeable in the AGBD or RH 98 standard
deviation, though there was a -emh&tbf ef f ect
shot pairs, this interval still showed abnormally large negative bias. We inspected the
data contributing to this time interval and found that most of the bias came from shot

pairs in six sets of parallel orbits that dominated the data in thisahtepgso2 &
018554; 004210 & 018775; 003867 & 017944; 003447 & 018760; 003653 & 018737;

003126 & 018302 . We did not find any other notable abnormalities in these orbit pairs,
and they were not identified by NASA as having high geolocation error or as being
probable outlier orbit€Dubayah et al., 2022a; Healey et al., 2022§ therefore chose
not to exclude them from the dataset, but we do highlight their existence here.
Importantly, he temporally adjusted control and treatment groups (Supplééeniere
designed to have a similar representatiodath fromthis time interval(For the AFC
dataset, this meant that there was no data from this time interval in either the TA
disturbed control or the TA treatment group.)

T The set of #Aintacto shot pairs showed mor e
shots (though this negative bias was smaller than that observed in the disturbed control
and treatment groups). This may indicate that (i) this sample of the Amazareainf
overall was losing biomass over the study period; (ii) the GEDI sensor had increasing
bias in its biomass measurements over time; (iii) other, unknown explanation; for
example, there may have been seasonal effects based on complex temporal p#trns i
distribution of neacoincident shot pairs.

It is worth noting with respect to (i) that the set of all shot pairs presented here
wasnota random sample of the entire Amazon biome. Relative to the entire biome,
certain regions were heavily oversampled according to thleayed orbital resonance
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C11.

pattern seen ikigure5-2, while other regions, especially in the more remote northern
areas, were hardly sampled at all; we did not adjust for this clumping in the set of all shot
pairs because the goal was not to estimate total biomass changes in the Amazon biome as
a whole. Thareas sampled by neemincident shots may have been experiencing
persistent biomass loss during the study period, butbigd not necessarily indicate

that the entire Amazon was a net carbon source. With respect to (ii), the GEDI science
team has extensively analyzed the GEDI sensor and data for signs of laser degradation
over time and has not found significant effg@sibayah et al., 2023aAnalyzing (iii) is

an interesting direction for future work but is beyond the scope of this study. We used the
temporally adjusted control (Supplem&8) to ensure that our results are robust to
temporal patterns.

Disturbance intensity versus median percent biomass loss, controlling for disturbance
extent

To test that the relationship identified between disturbance intensity and median percent biomass
loss was not purely a result of missed disturbance bias (S&ci@h we tested that there was

still a statistically significant positive correlation between the intensity and biomass loss for each
disturbance extent individually. We found the following correlations when restricting the
disturbance extent:

TableC11 Correlation between intensity and biomass loss when controlling for disturbance extent.

Disturbance extent Pearson p-value
Correlation Coeff.

1 pixel (900 M) 0.92 0.003

2 pixels (1800 ) 0.85 0.015

3 pixels (2700 0.81 0.026

4 pixels (3600 A 0.84 0.017

Separately, we found that disturbance intensity was positively correlated with disturbance extent,
though disturbance intensity is a fpgxel metric. This was not unexpected, as large disturbances
may also last longer and be more visible from satellisggeny, leading to a higher intensity

metric.
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Appendix D: Supplemental information for Chapter 6

D1. Adapting hybrid estimators used for GEDI to the repeat footprint case
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l1.Sample design correction
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(2We consider a paiclFotat ioneasureo at the
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I n that case, one could envision averaging th
we pick one adand acrdopn ttloe bet ISer . Thi s still r e
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descr iPaeder @@L 9t al

Scena®One AaAscending and one descending orbit

O = Qocokion cwded vn
Sowgp\e
Aotk 4k
Q = XTacdk ® 2R
This case results in a single sample | ocation

sample can be considered random within the gr
sample correction.

We therefore argue that it is apbpbasediabaei aoc
the repeat footprints casepclwiustherc!|l aosSteacth Ds al

However, Equation (lhawed|vavicarsce i fman et sa md5 (
this work. Dubayah et6 &lm,usien gwhiidc hc eltl si so fa pwir
footprints from the same. olrbitthe oc e pafrt2 D0 |
is no longer the case. The effects of sampl e
should be considered negligible at some dista
di stance (Dsbagabhed) al ., 2022®&ubBbyabdaesomal eov
this issue by wusing small grid cells and agagr
interaction terms between distant grid cell s.
footprints, which ofltesn ato tnhoa shmalel egiroiudy hc eslal
variance at all (given that at | east two cl us
undefined).

Future work should therefore develop the stat
short subsections of an orbit are considered
variance computation to smalolvegreisd iamaltles .ofl n h



19C Appendix D: Supplements for Ch 6

2. Model correction

In the case of repeat footprints, we are looking at the variance of a difference
(AGBD11AGBD:>), not the variance of a single modeled value. The two footprints are self
evidently not independent. In the case of two dependent variables, we have

DO ®@ LVOW UVOW ¢oé afw C
We do not know the covariance, but across repeat footprints in genesad &rong predictor of
S, with a positive covariandggiolcomb et al., 2024)We therefore simplify by overestimating
the uncertainty in the common case:

DO W LVLOWw LW o

This assumption is likely not always true at the local level (for example, it could be that in some
disturbed areas, the tallest forests are preferentially cut down). Future work might therefore
consider more fully developing an estimate of the local canvee, though we do not do so here.
Finally, we emphasize that while there is some basis for precise calculation of variance and
uncertainty using the GEDI data, similarly relevant uncertainties are simply not quantified for the
JRGTMF maps. We therefore acknowledge overestimation of botteirand samplbased
uncertainty from GEDI but highlight that there are other uncertainties that are potentially large
but not possible to account for.
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D2. Cells with insufficient data also tend to have less total disturbed area
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FigureD2: Cells with insufficient data (fewer than 25 footprints or fewer than two unique calstsjend to have
less total disturbed are@he figure shows histogram plots of the number of hexaigahe study region by the total
disturbed area in the hexagon from 2222. Orange shows tlkésturbed area distribution of hexagons that had
insufficient data and were omitted from the analysis; blue shows the disturbed area distribution of hexagons
included in the analysis.
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D3. Beforeandafter forest complexity by region and disturbance proximate cause
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FigureD3: KDE plots of forest complexity (WSCI) in samples taken before (blue) and (after) a disturbance for each
continentdriver pair. Note thaselectivelogging n southeast Asia and Africa were omitted from the analysis in the
main text because theweere insufficient data.
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