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Chapterll nt roducti on

1.1  Background and Motivation

Terrestrial ecosystems play a fundamental role in global carbon dynamics, storing about 2000
~ 3000 Pg C in vegetation and soil and uptakingtbire of anthropogenic fossil fuel and
cement emissions over the last decade (Ciais et a4, Foiedlingstein et al., 2020). A key
challenge in terrestrial carbon cycle science is quantifying and attributing of terrestrial sink.
There are several factors that are believed to jointly contribute to terrestrial sink. Specifically,
elevated atmosphierCO2 concentrations could enhance the photosynthetic rate of terrestrial
ecosystems (Hicklegt al.,2008; Keenaret al.,2016; Schimeét al.,2015). Nitrogen

deposition could further support this enhanced productivity by meeting the nitrogen demand
of plants, particularly in regions where nutrients are lim{t&dzi et al.,2007, Thomast al.,

2010. Climate change could lengthen the growing season of temperate forests, with the
potential for increased carbon uptdkeiedl et al.,2014). Regrowth ovesecondary forests

could sequester carbon until an equilibrium state is reached @daitt2002; Pugh et al

2019; Williamset al.,2012). However, attributing the terrestrial sink to each of these factors
involves considerable uncertainties, whichiim affect projections of future carbon

dynamics under climate change and resulting climate mitigation policy.

These uncertainties are partly related to a lack of accurate information on initial forest
conditions, particularly regarding forest age andemporary carbon storage. Historical

human activities have largely altered natural ecosystems in terms of plant structure, age, and
species composition and these alterations vary in location, time, and magHindet al.,

20117). For example, nearly 80 of global land has been impacted by human land use, and



92.9% of forest land in the United States is secondary (Hurtt et al., 2020). As a result,
contemporary forests are dynamic mosaics of stand patches with different ages resulting from
prior human digirbance events. In addition, carbon stocks and rates of carbon sequestration
vary strongly with forest age (Law et @004), emphasizing the spatial heterogeneity of

carbon stocks and fluxes.

Another source of uncertainty relates to the inaccurateseptaion of demographic

processes within ecosystem models. Ecosystem establishment involves many processes at the
individual plant scale, including photosynthesis, reproduction, resource competition, gap
formation and postlisturbance recovery and popudex dynamics. However, these processes

have not been fully considered in most of the current and widely used Earth System Models
(ESMs) and Dynamic Global Vegetation Models (DGVMs) due to computational challenges.

In each griecell, current ESMs and DGVMabstract each plant function type as albaf

canopy plant with associated area and depict disturbance impact as area changeafin big
canopies. This simplification fails to characterize structure and age changes caused by
disturbances and complicatesstdisturbance competition between tall and short individuals

(Fisher et al 2018).

Recent advances in latude modeling, remote sensing technology, and ecosystem modeling
provide opportunities to improve understanding of both contemporary conditidrscaling

of individualscale process across broad spatial domains. To obtain current information on
initial forest conditions, two approaches are presently available. The first approach is to spin
up aecososytenmodel with landcover change informatiolConsiderable efforts have been
made to model global historical lasde history (Hurtt et al2006,2011, 2020). The newly
developed global landse transition dataset (LUH2) includes comprehensive information

about deforestation, reforestation, croplaxgansion, and shifting cultivation, and
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incorporates constraints from satelitased land cover and forest change. LUH2 has great
potential to generate information on historical lamoder changes and improve

characterization of landse impacts on foses (Hurtt et al 2020). In addition, advances in

lidar remote sensing provide by far the most accurate measurements of forest structure over
large spatial domains (Drake et al., 2002; Dubayah and Drake, 2000; Huang et al., 2019;
Tang et al., 2012, 202150r example, the USGS 3D Elevation Program (3DEP) provides
freely available airborne lidar data across the United States (USGS 2019). Two recent NASA
lidar missions, GEDI and ICESAt also provide spaceborne observations of forest structure
at the globakcale (Dubayah et.aR020a; Neuenschwander and Pitts 2019). These lidar
observations can be used to approximate contemporary forest age and carbon storage for
ecosystem models. One such model, the Ecosystem Demography (ED) model, has been
continuously @veloped over the last two decades to improve understanding of forest carbon
dynamics (Albankt al.,2006; Fisket al.,2013, Flanagast al.,2016; Hurttet al.,1998,

2002; Moorcroftet al.,2001). ED model is an individudlased prognostic ecosystemadnb

which integrates submodules of growth, mortality, hydrology, carbon cycle and soil

bi ogeochemistry. Regional studies have demonst
simulating plant competition for light, water and nutrients, and efficientlyregétie

physiological processes of individual plants to ecosystem scales (Hurtt et al 2002, 2004,
2010, 2016, Fisk et al 2013, Flanagan et al 2019). ED has also been used with lidar data to
establish current forest conditions and project fine scale segti@stpotentials at the state

and regional scales (Hust al.,201%). All of these advances together provide an

opportunity to improve carbon modeling at the global scale



1.2  Research objectives

The overarching goal of this research is to improve projections of terrestrial carbon dynamics
by integrating advances and opportunities fromJase modeling, remote sensing and
ecosystem modeling. This research examines the role of these advanceswimignpur
understanding of current forest initial conditions and assesses the global performance of an
individuatbased ecosystem maodel. To do so, | have set four specific objectives described in
Chapters 2, 3, 4, and 5 respectively. The first is to gé@er lanecover change history

between 85@015 by identifying a translation rule to translate laiseé change history to

land cover. The second is to develop, calibrate, and evaluate a global version of the ED model
with land-cover history as input to spup the model to contemporary conditions. The third is

to integrate airborne lidar observations and global ED into projections of future forest carbon
dynamics at the regional scale. The fourth is to explore the potential of spaceborne lidar

observationsn ED initialization at the global scale.

To achieve these four objectives, the corresponding research questions are as follows:

1) What is historical landover change, and how could it be determined from aused

change dataset and constraints of coptanary forest cover and biomass?

2) How can global ecosystem modeling be improved to incorporate advances-of land

use history and remote sensing?

3) How can advanced modeling improve projections of future carbon sequestration with

remote sensing?

4) What is thepotential of spaceborne lidar observations to improve baseline estimates

of forest carbon in models?



1.3 Dissertation Outline

This research is presentedive chapters. Specifically, Chapter 2 identifies a translation rule

to generate lardover changeiktory from the latest landse change dataset (LUH2).

Chapter 3 develops and calibrates a global version of the ED model and evaluates simulations
of carbon dynamics, vegetation distribution, and structure by spinning up witcdaed

history. Chapter #levelops a regional forest carbon modeling system by integrating the

global ED model and airborne lidar observations and provides spatiqlicit estimates of
baseline forest carbon and future carbon sequestration potential. Chapter 5 develops a global
ED initialization approach utilizing spaceborne lidar observations from GEDI and IZESat

and evaluates resulting AGB estimates by forest inventory. Chapter 6 concludes with a
summary of the major findings across all chapters and potential future resgeddifonal

supporting figures, tables and analysis can be found in the Appendices.



Chapter2Gl obal rules faosetchasilgat i n

(LUH2) tovémandhange for CMI PG

Abstract

Anthropogenic landise and langover change activities play a critical role in Earth system
dynamics through significant alterations to biogeophysical and biogeochemical properties at
local to global scales. To quantify the magnitude of these impact&telimodels need

consistent lanagover change time series at a global scale, based ondanidformation

from observations or dedicated lansle change models. However, a specific fase change
cannot be unambiguously mapped to a specific-tanwdr clange. Here, nine translation

rules are evaluated based on assumptions about the wayslamtiange could potentially

impact land cover. Utilizing the Global Latudse Model 2 (GLM2), the model underlying the
latest LandUse Harmonization dataset (LUH2)getlandcover dynamics resulting from land

use change were simulated based on multiple alternative translation rules from 850 to 2015
globally. For each rule, the resulting forest cover, carbon density and carbon emissions were
compared with independent iesates from remote sensing observations, U.N. Food and
Agricultural Organization reports, and other studies. The translation rule previously
suggested by the authors of the HYDE 3.2 dataset, that underlies LUHZ2, is consistent with the
results of our examations at global, country and grid scales. This rule recommends that for
CMIP6 simulations, models should (1) completely clear vegetation irds@adhanges from
primary and secondary land (including both forested andorasted) to cropland, urban
landand managed pasture; (2) completely clear vegetation irulseadhanges from primary
forest and/or secondary forest to rangeland; (3) keep vegetation indardhanges from

primary nonforest and/or secondary néorest to rangeland. Our analysis shdhsat this

rule is one of three (out of nine) rules that produce comparable estimates of forest cover,
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vegetation carbon and emissions to independent estimates and also mitigate the anomalously
high carbon emissions from laiude change observed in prevsatudies in the 1950s.

According to the three translation rules, contemporary global forest area is estimated to be
37.42x16km?, within the range derived from remote sensing products. Likewise, the
estimated carbon stock is in close agreement witheeferbiomass datasets, particularly

over regions with more than 50 % forest cover.

2.1 Introduction

Historical landuse activities have been significantly affecting the global carbon budget in

both direct and indirect ways and changing Earth's climategdhraltering land surface

properties (e.g., surface albedo, surface aerodynamic roughness and forest cover) (Betts,

2001; Bonan, 2008; Brovkin et al., 2006; Claussen et al., 2001; Feddema et al., 2005; Guo

and Gifford, 2002; Pongratz et al., 2010; Post léwon, 2000). It has been estimated that,

during the past 300 years, > 50 % ouUsethe | and
activities, > 25 % of forest S“km’sflabdeen per manen
recovering from previous human lande disturbances (Hurtt et al., 2006). Impacts on the

carbon cycle result from several of various other processes: deforestation removes natural

forest, and its corresponding carbon biomass is used for wood products, burning or decay by
microbial decomposibn (DeFries et al., 2002). Afforestation/reforestation, in contrast,

recovers forest which accumulates carbon, but sequestration potentials are constrained by

water and nutrient availability (Smith and Torn, 2013). Wood harvesting is one of the largest

sources, contributing gross carbon emissions by modifying the litter input into various soll

pools, stand age and biomass of secondary forest (Dewar, 1991; Hurtt et al., 2011; Nave et

al., 2010). Cumulatively, models estimate that land use andulsedhage have contributed

to a net flux of 205N60 IR@S8 (Eriedlimgstdinteteal., at mospher e
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2019). While emissions fromlanduseandtand e change only account

anthropogenic carbon emissions, they were a dominanittmateir to increasing the

atmospheric C@above preindustrial levels before 1920 (Ciais et al., 2014).

Quantification of historical landse and land@over change (LULCC) is important because it
serves as the basis for examining the role of human actiwvittee global carbon budget and
the resulting impacts to Earth's climate system. For this purpose, LULCC reconstructions
enter Earth system models (ESMs) (Lawrence et al., 2016), dynamic global vegetation
models (DGVMs) (Friedlingstein et al., 2019) armbkkeeping models (Hansis et al., 2015)
to quantify biogeochemical and biophysical impacts of historicatlegdchange as part of
historical simulations (DECK and CMIP6 historical simulations), future projections
(scenarioMIP), impacts studies (ISIMIRgleoclimate studies (PMIP), landespecific
simulations (LUMIP) and biodiversity studies (IPBES). Considerable efforts have been
devoted to modeling historical lanuge states (Klein Goldewijk et al., 2017; Kaplan et al.,
2009; Pongratz et al., 2008; Rankutty and Foley, 1999) and lande transitions

(Houghton, 1999; Hurtt et al., 2006, 2011). In particular, the recentUaadHarmonization

2 (LUH2) dataset (Hurtt et al., 2020) has been developed to provide global griddesgdéand
states and transitig in a consistent format for use in ESMs as part of CMIP6 experiments.
However, large uncertainties still exist in the carbon/climate studies based on many of the
above LULCC products (Chini et al., 2012; Houghton et al., 2012; Pongratz et al., 2014). For

example, the global carbon budget reports that the spread of cumulative LULCC carbon

f

or

emissions during185@2 0 18 esti mated by DGVMs are as | arge

are forced by the LUH2 (Friedlingstein et al., 2019). LULCC carbon emissions IRECM

have an anomalous spike during the years 19880. These anomalous emission estimates

by ESMs (hereinafter referred to as the fApastu



conversion rate of primary and secondary vegetation to pasture, witB58e having double
the conversion rate of the 40s or 60s. Because of this, the simulated terrestrial land flux has a
2-decade delay in the switch from a land carbon source to a land carbon sink compared to

observations (Shevliakova et al., 2013).

Standadization of LULCC data is critical for CMIP6 to simplify intercomparison of the

ESMs and facilitate model analysis. The CMIP6 requires the LUH2 as standatdg&and

input for all ESMs; however, the data standardization could be undermined if models
implement the LUH2 differently, such as applying different rules to translate the LUH2 into
land-cover change, which is essential for models. Identifying the consistent rules between
models for the LUH2 use is critical for two reasons. First, althoughuabaalanges are

generally associated with a change in land cover and carbon stocks (ged kigPongratz

et al., 2018), these two changes are not always equivalent, and the degreeoféand

alteration varies with the types of lande changes and the &ion where landise changes
happen. An inconsistent larobver translation from the same lamsie products will

potentially produce variance in lattdver dynamics across models and in turn impact the

land surface biophysical and biochemical processenrnfethe HYDE 3.2 data underlying

LUH2 has redefined the former pasture category used in CMIP5 into the two subcategories of
fimanaged pastured and Arangelandd (with the to
redefinition intends to mitigate the pastarmaly by suggesting different treatments of
vegetation and carbon removal in models for these two types efifsndhanges (Klein

Goldewijk et al., 2017). However, explicit suggestions are not yet provided for land cover
resulting from these newly defid landuse types. Therefore, a consistent rule across models
for the LUH2 translation is needed, with potential to reduce impacts of inconsistent LUH2

usage on studying langase effects through CMIP6.



To recommend a rule for translating historical larsd changes from the LUH2 for CMIP6
models, this study investigates the impacts of-fase change on land cover by proposing
several alternative sets of translation rules, which are then integrated into the Global Land
use Model 2 (GLM2) (Hurtt et al., 20492020) to simulate the forest cover and carbon
dynamics. These simulations are then evaluated against estimates of contemporary forest
cover and carbon density from remote sensing observations, and the resulting cumulative

LULCC carbon emissions are coamgd with a range of independent estimates.

2.2  Methodology

In this study, two key larrdover properties (i.e., forest cover and vegetation carbon) are
simulated by combining historical lantse change with translation rules. The historical-land

use change information is specified by the LUH2 dataset (v2h, aeadabl
https://doi.org/10.22033/ESGF/input4MIPs.10454),which serves as the forcing data for a new
generation of advanced ESMs as part of CMIP6. Se2tihd describes the details of land

use change characterization, and ®e@.2.2 defines each translatioule. The resulting

forest cover and vegetation carbon is tracked in each grid celP¥0.2%) for the years 850

to 2015 using methods described in 88c2.2.3 and2.2.4. The simulated forest cover and
vegetation carbon are then compared with miglfqublished datasets of lawedver, carbon

stock and estimates of latude change emissions (see details ini@e2t2.5).

2.2.1 Landusechangecharacterization

The LUH2 dataset was generated with the GLM2 (Hurtt et al.,&2@0D20), which, like its
predecessors (Hurtt et al., 2006, 2011), estimates annugtisbtell landuse states and
transitions by including multiple constraints such as gridded patterns of historical land use

from the HYDE database (Klein Goldewijk et al., 2017), historical natizvood harvest
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reconstructions, potential biomass and recovery rates, and others. Building upon previous
work from CMIP5, for which the original LUH1 dataset was used, the LUH2 has extended
the time span to 85@100 and increased spatial resolution 58¢0.25’. In addition, the

LUH2 includes 12 different landse types (i.e., forested and Aonested primary and
secondary land, cropland of C3 annual, C3 perennial, C4 annual, C4 perennial and C3
nitrogenfixing, urban, managed pasture, and rangeland)includes transitions between all

combinations of these categories.

In the LUH2, Aprimaryo refers to |l and previous
850, while fisecondaryo refers to |l and undergoi
human activities. Global secondary land area was specified as zero in 850. Note that primary

and secondary lands are further subdivided into forested arrrexted grids using a

definition based on the potential aboveground biomass density (foresteddainohgean

aboveground biomd®3s density O 2 kg C m

2.22 Translatiorrules

Nine translation rules are proposed (T&hle to analyze the effects of latude change on
land-cover dynamics, whereby each rule differs in treatment of vegetation cover and
vegetation carbon stock during lande changes. Ruleg4 all assume complete clearance of
vegetation for cropland and vaoy vegetation clearance for managed pasture and rangeland.
Rules 59 are added for analytical purposes, rather than as realistic possibilities. For example,
Rule 3 presumes all lantse changes alter land cover and reduce carbon stock, and this rule
would produce the least global forest cover and carbon stock. Rules 1 and 3 differ in
treatment of vegetation in ndorested land when converted to rangeland, and the resulting

difference between their carbon stocks indicate the impact of rangeland expans@n o
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forests and also tests whether the disaggregation of grazing land into managed pasture and
rangeland will address the pasture anomaly issue ini19860. Rule 1 (clearance of all

vegetation for cropland and managed pasture; and only forest clefmaraxggeland) is in

fact the rule suggested in the underlying HYDE dataset and its distinction between pasture
and rangeland (Klein Goldewijk et al., 2017). For simplicity, we do not consider patrtial
removal of vegetation in this study; vegetation isegitfally removed or fully remains as

these lanebover transitions represent the maximum and minimum bounds foctaed

alteration. In this study, the translation rules are applied to all regions and are constant across
the whole simulation period. Altligh the impacts of landse change on land cover may

vary in different regions, the discussion of regiamied and timevaried translation rules is

beyond the scope of this study.

It is important to note that these nine rules are not equally realistichampurpose of
including Rules B9 is to investigate individual or joint contributions of cropland, managed
pasture and rangeland expansion on forest and carbon. For example, forest and carbon

dynamics resulting from Rule 6 could suggest the individughbict of cropland expansion.

2.2.3 Simulation oflandcoverchange

In this study, lanecoverchange is simulatdoly performing a modifie€6LM2 simulation in
which the computed lardsetransition rategusing the same methodology as LUH2) are
supplementedvith a set of translatiorules (Table2.1) to track forest cover change and
carbon dynamics at 0.25° spatial resolutidate that the modified GLM2 still generate and
track the exact same lainde transitions of the LUH2 and has additional functionetektr
associated landover change in terms of forest cover and vegetation carbon. GLM2 uses a

statistical model to estimate ecosystem stocks and fluxes with temperature and precipitation
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as inputs (se@Hurtt et al., 2002jor detaily. The annual temperatiand precipitation maps
from MSTMIP (Wei et al., 2014)vere averaged over 1901 and 2000 to generate the spatially
variedand tempordy static climatological temperature and precipitation, which was then
used to spin up the GLM2 globally at 0.25x0e&&solution for 500 years. Tlodimatology

stays as constant over the spin up period, and ativ@oamentafactorswere not taken into

consideratiorsuch asCO; fertilization, nitrogen limitation and climate variability.

When land is converted twopland managed pasturandor rangelandeach translatiorule
indicatesthatvegetatiorin primary and secondamay be cleared or remain intact as the
result oflandusechanges. For example, for a gidand-usetransition ratédrom forest to
pasture, ithe applied translatiorule indicatsto clear the vegetatiocompletely then the
resulting grid cellvegetation fraction in foresandusetype is reduceéqual to the amount of
pasture gainedf the rule indicates not to clear vegetatitiren only thdand-usetypewill be
changed to pastusnd the vegetation area will be unchanged, but the vegetation will be
influenced by the management in terms of stand age/biomass, which are assumed to cease
growing due to pressure from subsequent human managefbist pasture land is further
converted to other neprimary and norsecondary land (e.g. croplarrdngeland or urban

the vegetatiomemaining from previous foregiasture conversiatien will be totally cleared.
Therefore, the vegetation fractionigting within the cropland, managed pasture, rangeland

and urban of each gricell can be tracked via the following equation:

MM p QD Q ™ Q WhQ vk, (2.1)

Where'Q'® is thefractionof grid-cell that is vegtated inandusetypei (i.e., classes B:
cropland, managed pasture, rangeland, uragimet, "Q " and’Q @ are

gained and lostegetation fractios respectivelyThe vegetation fraction could only be
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gained in laneusechange from primary and secondary land (both forested antbrested),
and be lost in landise change to any other lande typeexcept forested and ndarested

primaryland

Transition Rule Rule Rule Rule Rule Rule Rule Rule Rule

Rule 1 2 3 4 5 6 7 8 9
->Crop X X X X X X @] 0] 0]
->Managed F X X o) o) X X 0
pasture
->Rangeland F F X @] X @] X 0] X
Q ™ B O p ! h'Q vhpxyiQ pkioh (2.2)
0 —B ; & hQ vl oftfE W, 2.3)
The possible values ofj andkar e 1, 2, é , 8 representing prim

nonforested land, secondary forested land, secondarfanested land, cropland, managed
pasture, rangeland and urban respectivglyis the laneuse transition fraction estimate by

LUH2 from landuse typg (i.e., primary forested land, primary ndarested land, secondary
forested land, secondary ntorested land) to landse typd,[ represents the translator

factor to convert landise change to lanrcbver change, it equals toflthie translation rule in
Table2l i ndicates an -as¥oéhange. Fobekainpld, is t fortahduse | and
change from primary land (forested, Afmmested grids) to cropland in Rules 1 and 2, but 0

for the same type of change in Rulesn@ Q. This translator factor is 1 for all types of land

use change in Rule 3 since all vegetation is cleared during alussdhangesi @ is the

landuse fraction estimate by LUH2 for typat timet, and this fraction is larger than or

equal to fis vegetation fractiofQ .
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Table2.1 Rules for vegetation clearance during cropland, pasture and rangeland expansion.
060X6 indicates complete removal of vegetation
altered. 606 indicates-useohaeget agdcabesthat e mb & a |

vegetation is only removed if the preceding land cover is forested primary or forested
secondary land.

Vegetation in primary and secondary laathiemain orbelost in landuse changes to
cropland, pasture or rangeladepending on translation rules. According to the definition of
primary land in the LUHZ2, its transition to other lanske types is unidirectional, thus primary
land could not gain vegetation from any lamk changes. Wood harvest on primary land will
resut in vegetation loss and a change of larse type to secondary land, but harvest on
secondary land will not change the lamgk type. Furthermore, vegetation in secondary land
could be gained from harvest on primary land and may be gained throughabsspob
abandonment of cropland, pasture or rangeland depending on translatioNotdethat
reforestation but not afforestation is also considered in this study. The former-is to re
establish forest on the land which has been forested before, whideténasan

anthropogenic activity to establisbrests on land which has never been forested. Thus, the

vegetatiorof primary and secondary latgltrackedby the following equatiosi

M p QB Q B Q  ®hQ pkivh | (2.4)
3 B & ®h'Q prriQ uhixi

Q “hQ pifje vhwixly 25)
B or h'Q ohrQ uvhkpxhp

R ® B —o OR'Q dirfe pknQ uipki (2.6)

Where" Q'@ is fraction of vegetation at langse category (primary forested land, primary

nonforested land, secondary forested land, secondarfanested land) at time & is land
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use transition fraction from primary and secondary land to cropland, nthpagtuire,

rangeland and urban in LUHé& or & is wood harvest fraction from primary or secondary

(forested or nofforested) land}Q M anda O are vegetation fraction and lande
fraction in landuse typek (i.e., cropland, managed pasture, rangeland, urban)oand

land-use transition due to langse abandonment.
224 Simulation ofvegetatiorcarbondynamics

Vegetation carbon stocks fluctuate through releasing and accumulating carbon in response to
naturalgrowing conditions, disturbances, and anthropogeniclesedchanges, which can

vary widely in terms of their carbon impacts. For larsg changes associated with clearing

or harvesting vegetation, the forest biomass is either released immediatelyieirgg)or

stored in soil pools or as timber products (both of which eventually decay over decades).
However, when managed land is abandoned and allowed to recover, the vegetation takes up
CO; from the atmosphere through photosynthesis, resulting in siogeaarbon stocks in
vegetation and possibly soils. The magnitude of each of thatiecbtional carbon flows

ultimately determine if the land is a net carbon sink or carbon source. In this study, the
temporal dynamics of carbon fluxes after larsg chage are simplified, with all biomass

(above and belowground) being released instantaneously to the atmosphere. Note that the
biomass stock change is a rough proxy of actual netdaadhange fluxes, for which

delayed emissions from litter and soil camkand product pools needed to be accounted for as
well as instantaneous emissions from burning biomass. Changes in soil carbon associated
with loss of vegetation biomass are usually associated with carbon losses, but are likely less
important than biomasshanges, as are net fluxes from product pool chafigeset al.,

2018)
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Similar to landcover change simulation in secti@.3, if translation rules indicate

vegetation clearing at expansion of cropland, managed pasture, rangeland or urban land,
vegettion biomass is totally released as a carbon emission, and its age is set as zero. If
vegetation is not cleared based on translation rules, the biomass remains but ceases to
increase, and the age of this vegetation also remains unaffected, becauseésthseym

this model only for the calculation of biomass density. Keeping age fixed corresponds to
keeping biomass from further growing, which represents the influences of management. If the
land is abandoned and converted back to secondary land, aage@ncalculated over all
vegetation with different ages, then the mean age increases year by year and biomass regrows
towards equilibrium. Thus, the biomass density in secondary vegetation aigiosdculated

for each grid cell using its mean agetgutial biomass, and potential NPP:

60 6 p Q T (2.7)

Whered 0 is the aboveground biomass density of vegetation at secondary land @tatime

0 is the potential aboveground biomass density from the GLM2 model and varied by grid
location and() 0 Dis the potential NPP of the wood fraction that is allocated to cumulate
stem and branch biomass annually, @d is the mean age of secondary vegjen. Note
thaté and( 0 Dareestimated by a statistical model in GLM2 using climatological
temperature and precipitation and are spatially varied but tempooakgant over simulation
periodof 850 to 2015Above to belowground biomass ratio sssumed as 3:1 when
converting aboveground biomassatal biomasgabove and belowground)and biomass

density is converted to carbon by a ratio of 0.5.

Plants cultivated by human management (e.g. crops and orchards) are not tracked in this

study; zerdoiomass is assigned to cropland, managed pasture, rangeland and urban use types.

17



However, carbon is tracked for vegetation remaining from primary or secondary due to the
translation rules, as well as lands that convert from human management back tdaratsra
Thus, the total carbon stocks in this study are expected to be lower than other estimates
(Houghton, 2003; Saatchi et al., 201d43pecially in the grids with a higher fraction of non

primary and norsecondary landise.

225 Diagnostics foevaluatingtranslationrules

To evaluate whicliranslatiorrules best translatand-usechanges téand-coverchanges, the
simulation results were compared with contemporary forest cover and carbon density maps
from remote sensing observations and othemeases, as well as LULCC carbon emissions
from other studies using different models. Contemporary values of forest cover and carbon
density are used for two reasons. First is the lack of multiple diagnostics of forest cover and
carbon density across thénele simulation period (i.e850 to 2015). Second is that
contemporary values could potentially reflect cumulative error in convéatimtiusechange

to land-coverchange since 850. We assume thattibaslatiorrule produces a best match

with the diagnostic maps of forest cover and carbon density, then it would also produce the

best estimate for the historical period.

Diagnostics of contemporary forest cover consist of six widely used sabeltital land
cover and tree coverage datagB@artholomé ad Belward, 2005; Bicheron et al., 2008;
DeFries et al., 2000; Friedl et al., 2010; Hansen et al3;2Giveland et al., 200Qkee Table
2.2) and the Global Forest Resources Assessment (FRA)(BEAT,, 2015) In Table2.2,
GLC, GLC2000, GlobCover and MOS LC are lanecover datasets rather than tree cover
and were produced based on different classification schemes resulting in differesgvand

legends. Prior to being used as diagnostics in this study, they neededricldnssification
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of their landcover legends into a common representation of forest canopy cover at the same

spatial resolution (0.2bby the following procedures:irst, the GLCC, GLC2000,

GlobCover and MODIS LC were converted to tree cover fraction based onA.alde their
nativeresolutiongSong et al., 2014)hen, all six datasets waresampled to 1 km

resolution and translated to a binary (forest versusfoi@st) map by applying a 30% tree

cover thresholdSexton et al., 2016Y hrough counting the percentage of pixelskadras

forest within each 0.25x0.25e¢e grO28°spatl | , si x g
resolutionwere generated, and resulting global forest area of each dataset are shown in Table

2.2. As these satellitbased datasets were develofredn differentsensos (e.g, AVHRR,

SPOT4, MERIS, MODIS, Landsat) and models (regression trees, decision treeiictuste

| abels and random forests), an averaged map (h
based forest c¢over 6nywiththe sixdoeest eoveamapsito examinea ¢ ¢ o mp a
spatial pattern of contemporary forest cover simulated by each translatioim adelition,

since FAO only reports national forest cover (not spatially explicit), these data were only

used for comparison atdftountry level.
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Table2.2 Summary of land cover products used in this study including six sateikted
datasets and FAO FRA report

Global Forest

Product Area Time Publication Data Ty%‘?&ﬁ'g'ﬂ@“on
(10F km?)
GLCC 40.89 19921993  Lovelandetal, Land Cover (IGBP)

2000

Bartholomeet al.,

GLC2000 38.22 19992000 2005 Land Cover (GLC 2000)
GlobCover 35.66 20042006 B'Ch%)é‘set al, | and Cover (GlobCover)
MODIS LC 41.05 2001 Friedlet al.,2010 Land Cover (IGBP)

1 Kilometer Tree DeFrieset al

Cover Continuous 42.74 19921993 2000 " Tree Percentage
Fields (TCCF)

Global Forest

Change (GEC) 41.71 2000 Hanseret al.,2010 Tree Percentage
FAO 40.55 2000 FRA 2015 National Censuses

Carbon density maps are employed as the second metric to evaluate the translation rules. Two
datasets were employed: the IPCC Tidsiomass carbon map for the year 20RQesch and

Gibbs, 2008and a pantropical biomassap(hereinafter referredtoastBeacci ni 6 s pr oduc
(Baccini et al., 2012)The former, a global abovand belowground carbon density map, is

created by dividing the globe into 124 carbon zones bydandr, continental regions, eco

floristic zones, and forest age and assigning each aainique carbon stock value. The latter

is estimated by combining ground plots, GLAS LiDAR observations and optical reflectance

of MODIS. This dataset employs the empirical relationship between aboveground biomass

and tree diameter at breast height astimates aboveground biomass density for pantropical

regons (4@ S0 N Both carbon density maps were resam

In addition, the ability of the translation rules to reproduce LULCC carbon emissions is also

assessed. The estaies of LULCC carbon emissiomgere compiled from published papers
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(Table2.3) (Houghton, 2010; Houghton and Nassikas, 2017; Le Quéré et al., 2018; Pongratz
et al., 2009; Reick et al., 2010; Shevliakova et al., 2009; Stocker et al., PB&4¢ studies

have significant discrepancy in emissions estimates as they employed various methods (e.qg.
bookkeeping methods and different processed models), LULCC datasets, and considered
different types of landise change activities. They also differ in treatneér@gnvironmental
change, for exampléPongratz et al., 2009; Reick et al., 2010; Shevliakova et al., 2009;
Stocker et al., 201dpcludeeffects of evolving climate or atmospheric £®@ncentration on
LULCC emissions, which is not accounted for in bookkeeping model based studies
(Houghton, 2010; Houghton and Nassikas, 20kvhis study, only the range of these
estimates during the piadustrial and industrial periods are chosen to evaluate the
translation rules. We posit that the recommended translation rule should not produce

anomalous carbon emissions that are outside the compiled range.
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Table2.3 Summary of carbon emissions due to LULCC from available studies-at pre
industrial and industrial period.

Reference Time span Carbon Emissions LULCC types
(Pg Q)
Preindustrial Period
Reick et al., 2010 11001850 80 Cropland/Pasture Change
(bookkeeping model)
Reick et al., 2010 11001850 47
(DGVM)
Pongratz et al., 2009 8501850 53 Cropland/Pasture Change
Stocker et al., 2011 until 1850 69 Cropland/Pasture Change, Urban
Industrial Period
Houghton 2010 18502005 156 Cropland/Pastur€hange, shifting
cultivation in tropics, and wood harvest

Houghton and 18502015 145 Cropland/Pasture Change, shifting
Nassikas, 2017 cultivation in tropics, and wood harvest
Shevliakova et 18502000 164-188 Cropland/Pasture Change, shifting
al.,2009 cultivation in tropics, and wood harvest
Pongratz et al.,2009 18532000 108 Cropland/Pasture Change
Reick et al.,2010 18531990 153 Cropland/Pasture Change
(bookkeeping model) Cropland/Pasture Change
Reick et al.,2010 18501990 110
(DGVM)
Stocker efl., 2011 18532004 164 Cropland/Pasture Change, Urban
Le Quéré et., 2018 18502014 195 Cropland/Pasture Change, shifting

cultivation in tropics, and wood harvest

In summary, the GLM:based estimates of forest cover and carbon density in the year 2000
and LULCC carbon emissions during the periods-8880 and 185@000, based on nine

different translation rules are compared with the above three types of diagnostics (i.e.
contemporary forest covarea andarbon density map&ULCC emissions). The fiha
recommended translation rules should produce: 1) the forest cover with the smallest
difference with diagnostic maps at global, country and grid scale, the total forest cover at
global and country level should be comparable to the range of diagnosticpaiial pattern
should also be close to diagnostics; 2) the closest carbon density map compared to
diagnostics with the smallest difference, comparable spatial pattern and total carbon stock as
well; and 3) reasonable LULCC carbon emissions within thgedrom other diagnostic

estimates and minimizing the anomalous emissions during1960.
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2.3 Results

2.3.1 Potential forest cover and biomass carbon

The GLM2 estimates global vegetation carbon stock (including alameebelowground) in
850 as 718 Pg C, and the resulting potential biomass map is shéignre2.1a For
comparison, global potential vegetation carbon stock was estimated as 557 ®gi€harik

et al.,, 2000)772 Pg C ir(Pan et al., 2013nd 923 Pg C ifSitch et al., 2003)Forested land

in GLM2 is defined as land which has aboveground potential biomass of at least 2°kg C/m
(Hurtt et al., 2006, 2011With this definition, global pntial forest area was estimated as
47.82 million knt, and the resulting potential forest cover map is shioviigure 2.1b. For
comparison, global potential forest area was estimated as 48.68 millfon @pongratz et

al., 2008) and potential forestsnd woodlands area was 55.3 million%m(Ramankutty and

Foley, 1999)

0.00 250 5.00 7.50 ~10.00 12.50 15.00 17.50 20.00 0.00 0.20 0.40 0.60 0.80 1.00
Kg C/m?

Figure2.1 Potential biomass density (a) and potential forest cover (b) in 850 estimated by
GLM2 model.

2.3.2 Forest cover evaluation

The global gridded forest cover maps resulting from Rul@sr2000 are generally
consistent in forest extent with satelltased observations (shownFigure2.2 andFigure
A.6). For example, they all estimate high forest cover in tropical rainfoegst northern

boreal forests but low cover in Western USastern Europe and Central Asfss Rules 1,
23



2, and 3 only differ in whether to clear vegetation and carbon in the conversion frem non
forest to pasture or rangeland, the forest cover resultimg Rules 1, 2, and 3 are the same.

All rules of 1-9 consistently estimate higher forest cover than the averaged shiztiéd

forest cover in West Siberia and South China, and lower forest cover in African savannas and
East Siberia, Western Mexico andg&ntina.Separately, Rules 4, 6, 7, 8 andHbws larger

forest cover than Rules 1, 2, 3 and 5 in South and Southeast of Brazil and Tiber in China.

Averaged satellite-based forest cover

000 020 040 040 020 000
Difference Difference

Figure2.2 Forest cover in 2000 from the Averagaatellitebased forest cover in (a), Rule 1,
2, 3in (b) and Rule 4 in (c). (d) and (e) are maps of forest cover difference between (b) and
(a), and (c) and (a) respectively.

The total area aflobal foresin 850 amounts td7.82million km? according tdhe GLM2
model Figure2.1b andFigure2.3a) when all forested lands were in a primary state by
definition and decreased thereafteig(re2.3a). Forest loss has acceleragette the

beginning of the Industrial Revolution and shows relatively high dralzange rates (shown
24



in Figure2.3c). The translation rules produce a wide range of global forest cover in 2000
from 37.42 to 45.89 million kfnIn Rules 1, 2, and 3, the global forest is lost at the highest
rate due to all landse change activities oarested land resulting in the clearing of forest,
and only 37.42 million krhof global forest is left in 2000 under these three rules. In contrast,
under Rule 4 forest remains during rangeland expansion, and this would result in greater
forest cover (e.g41.80 million knt in 2000, Table.4). The forest lossda Rules 6, 8, and 9
indicatethe individual contribution of croplandianagegasture and rangeland expansion.
For example, rangeland and cropland expansion results in the most and second onestt of f

loss with an area of 4.34 millicem?® and4.06 million knt respectively during 852000.
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Figure2.3 (a) Global forest area resulting from translation rules from 850 to 2015; (b)
Comparison of globdbrest area in 2000 between remote sensing and FAO (shown as black
bars) and results of translation rules (colored bars); (c) Annual change rate froto 1850
2000. Positive values indicate forest loss.

Six satellitebased forest cover datasets and FAO dgiart the global forest area around the

year 2000 ranging from 35.66 to 42.74 million’k®ne of major reasons underlying the

di screpancy in global forest area is the diffe
regions with intermediate treeosr (Sexton et al., 2016 he global forest area in the year

2000 resulting from the translation rules are compared to the range of seven diagnostic

estimatesKigure2.3b). The forest cover based Bules 6, 8 and 9 is beyotite range of the
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diagnosticsindicating that these rules underestimate the impacts clulsadhange on land

cover and overestimate the global forest existing in the present day. The excessive remaining
forest cover in these three rullyapartiaulas o r ej ect s
type of landuse change would alter the laodver. In contrast, Rules4, 5 and 7 produced

estimates of global forest area within the range of diagnostics.

The forest cover estimation from translation russirther compared with diagstic

datasets at the country level (TaBlé). In the diagnostic forest cover datasets, tfiveeths

of global forest cover lies within eight countries: the Russian Federation, Brazil, Canada,
United of States of America, China, Democratic Republic @CGbngo, Indonesia and Peru.

The forest cover estimates from Ruled &re generally well within the range of diagnostics.

For example, 6 of 8 countries have estimates within the range for Rules 1, 2, and 3, and 5 of 8
countries for Rule 4. China and Briare the two countries where Rule8 And Rule 4 have
relatively larger difference between their estimates, the difference between Rules 1, 2, 3 and
Rule 4 arel.17 million and 1.8 million for China and Brazitespectively. Rule 5 and 7
overestimatedorest area of China, Russian Federation and Canada though their global forest
areas are within the range of diagnostic and are within range for Brazil, Democratic Republic

of the Congo, Indonesia, and Peru.
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Table2.4 Forest area (F&m?) in 2000 of eight countries with the largest forest area, and all
ot her countries combined (6O0Othersd), esti mated
from satellitebased datasets and FAO report.

Forest Area (10 km?) Range from
satellite-based

Country  Rule  ples Rule5 Rule6 Rule? Rule8 Rule9 products and
1,2,3 FAO
Russian
Fodoration 872 9.15 8.80 9.23 9.01 9.44 9.10 6.658.62
Brazil 4.61 5.69 4.89 5.96 5.05 6.12 5.33 4.195.92
Canada  5.59 5.63 5.59 5.64 5.76 5.81 5.77 3.27.4.36
United
States of  2.81 2.94 3.06 3.19 3.62 3.76 3.87 2.653.36
America
China 2.04 3.22 2.44 3.61 2.45 3.63 2.85 1.342.14
Democratic
Rgfpt‘#:'c 1.57 1.61 1.60 1.64 1.63 1.67 1.66 1.572.11
Congo
Indonesia ~ 1.30 1.33 1.36 1.38 1.58 1.60 1.64 0.991.64
Peru 0.76 0.78 0.78 0.80 0.77 0.79 0.79 0.690.79
Others  10.02 11.47 10.86 12.31 11.63 13.08 12.48  12.2:17.08
World 3742  41.80 39.38  43.76 4152 4589 43.48  35.6642.74

These comparisons evaluate the resulting gross forest cover of the translation rules at global
and country level. Further examination at the grid level is also needed. Since the FAO report
only provides national forest cover, theeraged satellitbased drest covemap and each of

the six satellitedbased forest cover maps were used to calculate the average of absolute
difference across global gridsigure 2.4) respectively. Rules 1, 2, and 3 consistently produce
the smallest overall difference than Rdland other rulesegardless of which satelliteased

forest cover is chosen as the reference. The average absolute difference (AAD) of Rule 1, 2, 3
is under 90 krhcomparing to thaveraged satellitbased forest covenap, and even smaller
comparing tolle GFC. The smallest difference of all rules across six reference forest maps
indicatesthe GLC2 may have more similar spatial distribution to the GLM2 estimate.
Regional comparison of average of absolute differeficei(e A.1) suggests Rules 1, 2, 3

give better estimate of forest cover at the north and south temperate zoné8 {le: 23 N
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and 23S ~ 60S) than tropical zone (2Bl ~ 23'S). All rules have similar AAD at 60! ~

90 N zone.
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Figure2.4. Global average of absolute difference in forest area between maps estimated by
translation rules, and each of the six satebised forest cover maps as well as the averaged
satellitebased forest cover map.

2.3.3 Evaluation of carbon dynamics

The net carboemissions of the nine translation rules were calculated over two periods (850
to 1850 and 1850 to 2000) and compared to other studies @&8pl&ules 34 produced

similar patterns to other studies, specifically that global carbon emissions e20866re

twice as large as that of 88@50. However, the emissions estimates of each period varied
among Rules -4, from 55 to 77 Pg C during 88850 and from 142 to 185 Pg C during
185032000, due to the assumptions for clearing vegetation duringusediange. For

example, Rule 3 produced the largest emissions as the carbon in both forested and non
forested land is released for all lansle changes, and Rule 1 produces fewer emissions since

the vegetation is not cleared and carbon is not released whdarasted land is converted
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to rangeland. In general, Rule 1, 2, 3 and 4 estimated comparable emissions with other

studies, while the emissionstbie Rules @ are out ofange (Tabl&.5).

Table2.5 Summary of LULCC carbon emissions estimated by the 9 translation rules and
those from other studies in Tal#e.

Translation Carbon Emissions Estimation Emission Range from E_stimation
Rule (Pg ©) Table2.3 using LUH1
850-1850 18502000 19501960 850-1850 18502015 19501960
Rule 1 72 175 20
Rule 2 70 170 19
Rule 3 77 185 22
Rule 4 55 142 16
Rule 5 63 146 17 47-80 108195 26
Rue 6 41 104 11
Rule 7 28 107 13
Rule 8 5 65 7
Rule 9 13 67 7

Carbon emissions from pasture expansion were calculated for i1t et al., 2011and

this is used as a baseline to assess the improvement of translation rules on the pasture
anomaly. Rules-# estimate fewer emissions during this decade and decheagrdmaly
between 4 to 10 Pg C. Rule 1 reduces anomalous emissions by 6 Pg C, indicating the sole
contribution of the LUHZ2 to mitigate pasture anomaly. In LUH1, the anomalous emissions
spike during 195960 mainly arises from overestimating the emissions pasture

expansion, especially in three regions (ifdrica, East, South and Central Asia, and North
America). The carbon flux from expansion of managed pasture and rangeland in LUH2 was
reduced at globaHgure2.5) and regionalRigure2.6) scals in simulations based on Rules

1, 2, and 3Note that the pasture land in LUH1 corresponds to rangeland and managed
pasture together in LUH2. Rule 2 reduces more anomalous emissions than Rule 1 (reduced 6

Pg C in Rule 1 and 7 Pg C in Rule 2), because Rualempletely clears vegetation when
30



transitioning to managed pasture, whereas RolelY2remove vegetatiorif the preceding

land cover is primary or secondary forest

Rule 1 Rule 2 Rule 3 Rule 4
211 = LUH1 pasture expansion
20 Rangeland and managed pasture
191 — Managed pasture
18

Carbon emissions from land-use change (Pg C/yr)

Figure2.5. Carbon emission due teegetation (forests and ndorests) removal in expansion

of managed pasture and rangeland. Black line represents emissions from pasture expansion in
LUH1. Orange and green lines represent emissions from expansion of mpaaged and
rangeland and fromxpansion of just managed pasture respectively in LUH2. Note that the
pasture category in LUH1 corresponds to managed pasture and rangeland together.in LUH2
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regions is much higher than northern larferests Figure2.7). These four rules

overestimate carbon density at high latitudEthe Northern Hemispheri South China and

in the Amazon rainforestbut underestimatdensity across much &ub-SaharanAfrica,
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Mexico and the Southestern part bthe United StatedgureA.2 andFigureA.3). To

further examine the spatial pattern of estimated carbon density, the estimates from all rules
were compared to the carbon density maps of IPCCGII{above and belowground)

gl obal |l y an dataseh(enlyBmovegrdundhait thespanttopical scale by calculating
averaged absolute differendgédure 2.8). According to this comparison, Ruless best

capture the carbon density globalkigure2.8). Regional comparison of the IPCC TFler
biomass majpnd rule estimates indicate Ruleg have comparable AAD of carbon density

at the zone of 9N ~ 60 N, theAAD difference between four rules is largest at23 60S,
followed by 23N ~ 23S and 23N ~ 60 N (FigureA.4). Carbon density estimatesiiles

1-3 were further examinedt regions whertheir estimates have difference (showrigure
A.5a). The spatial patteriigure A.5¢-A.5f) and histogramHigure A.5b) of carbon density
difference between rules and IPCC Tlebiomass estimates shows talof these three

rules underestimate carbon density and more grids are less underestimated ir2Rhbes 1
Rule 3. The underestimation is expected because biomass of human cultivated vegetation is
not tracked, and nor is growth of natural vegetatioeropland and pasture and rangeland.
However, uncertainty level of the IPCC Fikbiomass should be taken into account when
determiningrule performanceThree bias levels of IPCC Tidrbiomass map (i.? 10%,

°20% and® 30%) wereconsideredKigure A.5b). At these levels of uncertainty in the

reference, Rules-2 could not be distinguished in performan€mally, the carbon stock
comparison between Rules31(Figure2.9) shows these three rules underestimate carbon
stock at low forest fraction, but giveetter agreement with diagnostics as forest fraction

increases.
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density map (incl. aboveand belowg r ou n d) tropical compari
density map (only aboveground).
%)
& 1207 X Rulel X Rule2 X Rule3 X
;’ [ ]
1%
S 100
3] L +16
& O ~ o 1
2 g o o ® b
= I
O bd
2 X ¥ ¥ N s
(a) a % g g % 8
= @
o 6
2 40 ¢
S ®
& « ¥
g 20
\ @ e 2 N
¢ % ox % % %8R AR
o SCIPXS TR BN ‘) © ‘; N °> © o; © e,
CEFLS D S PP P E P E P &
Forest fraction (%)
90
o~ X Rulel X Rule2 X Rule3
O 8
g |
- r10
.\470 L ]
4 xl
X S
= ..'K 6
(b)e” xege®00ee® xx .
= I
O X xX
g“’ ggi*il ,
530
gzo "
>
o |
2 10 L
< n e ®
JLETSFISF S RE L
o o ] “ O L5 O O Q “ S & 0 °> 0 ‘) Q ‘—) N
7 S @,@ Fr v gt g et g Pl ELE S tpq R

Forest fraction (%)

Figure2.9. Total carbon stock grouped by forest fraction fritrea averaged satelliteased
forest cover map. (a) global (abewnd belowground); (b) pantropical (aboveground).

2.4

Discussion andConclusion

This study quantified the ressibf multiple alternative translation rules for estimating the

potential effects of landse change on lanmbver utilizing the LUH2 dataset, and the

underlying land model embedded in it (GLM2). The evaluations of forest cover and carbon

35

son

Wi



indicate that Rule$-3 on average and globalbutperform other rules and are able produce

the closest estimates of contemporary forest cover and carbon to diagitstiesaluations

also confirm that prior recommendation of translation rule from HYDEGddewijk et al,
2017)corresponding to the Rule 1 could produce comparable estimates of forest cover and
vegetation carbon relative tiagnosticsDifferentiation between Rules3 depends largely

on estimates ofegetatiorcarbon because these rules produce equivatimates of forest

cover. @mparisons of carbon stock and gridded difference in carbon density have shown that
Rule 2 produces closer estimates of carbon density than Rules 1 and 3 reldiigadgtics
However,given underlying uncertainty of thert®n density reference map, the difference
betweerRules 1 2 and 3s small implying the differentiation of these rules is not possible

this studybased on the difference alone

A key feature of this study is txplicitly link land-use change and lasmbver changand to
provide insights intahe consequences of choosing different faed translation rules in

ESMs. This study quantitively characterizes historicaldamer change using the same
underlying model of the LUH2, namely the GLM2. Estimaitforest cover and vegetation
carbon between translation rules could provide information about sensitivities of ESMs to the
LUH2 implementation. For example, despite of same-las®ltransitions from the LUH2,

Rules 14 still have a difference of3 Pg Cin LULCC emissions during 185R000.Such
differencesolely from laneuse translatioaccountdor about 24% of the range of estimated
vegetation carbon changes during 1-:2805 between CMIP5 moddl3ones et al., 2013)

Another feature is the relatively extensive evaluation of the LUH2 translation with multiple
diagnostic datasets. The diagnostic datasets used in this study could serve to evaluate ESMs

such as forest cover range at global and country level. Besidestutiysalso emphasizes the
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necessarityf improving vegetation carbon estimates, especially in regions with low forest

cover or vegetation carbon in order to further differentiate translation rules.

In additional tathenine rules designed in this studyany otherdesigns of translatiorules
are possible for LUH2 implementation in CMIP6 models such as spatially or temporally
varied rules. It is important toote that thelesignedranslatiorrulesof this study are
spatialy and tempordy constanimeanirg landuse changes at different regionsyearswill
result in the same lantbver change for a given translation rated given landise
transitions This simplification may result in errors in lande change translation because
impacts of laneuse chage on lanecover could vary by regions and tini@ombination of
spatially/temporally varied rules and LUH2 may produce better estimates of forest cover and
carbon density than these nine rules of this stddyvever, spatially/temporally varied
translatiorrules will potentiallyadd complexityto the LUH2implementation in ESMs.
Meanwhile, identificatiorof such rules is sophisticatatd alsaequires diagnostics with
historical coveragdJncertainties in thesa@adynosticsshould be small enough in order t

differentiate various translation rules.

The estimated forest cover and carbon dynamics are subject to the several assumptions being
made theland-use change datadsting used, thiand-cover propertiebeing evaluated

reference datasets, and thedds. This study used the LUH2 dataset because of its required
used in CMIP6 and widespread used in other stud@itesland cover propertiesddressed

here includdgwo critical variables(i.e., forest cover and carbon stock) due to théphysical

and biogochemical significanc&ultiple datasets based on remote sensing and other
sourceswvere selected for evaluation with the intentioptovide arobust referencé he use

of GLM2 model was selected to provide the most internally consistent treatntbasef

issues given its role in producing the LUH2 dataGeten these considerations, it is possible
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that different results could be obtained for different systéitisough multiple of satellite

based langtover datasets were included, they disagrepitbgence or absence of forest over
low forest cover regions such as shrublands and-aathsavannahs, and the discrepancies
due to technical challenges and disagreement of forest definition. In addition, global
vegetation carbon mapping is still challerggand uncertain mainly because of indirect

proxies of biomass and paucity of in situ measurements and observations from space
Uncertainties irvegetation carbon diagnostics limit the evaluation of translation rules such as
differentiation of Rules -B. Furthermoredynamics of forest cover and vegetation carbon

from past to present interact with climate change and increasing atmospherightbare

not considered in this studinally, the carbon emission estineatusing the santeanslation

rules aml landuse change datasery bedifferentusingotherESMsDGVMs.

Future researcis needed to investigabmth the robustness of these findings, and potentially
identify even better implementations. The CMIP6 LUMIP study is designed to quantify some
of these effectgLawrence et al., 201@hrough model intecomparison. Additional work on
translation rules should include possible spatial/temporal varying rules, partial land clearing,
and more land cover variables (efgrest age, height, soil carbomeggy balance) and focus

on Rules 13 differentiation with better diagnostics such as annualtawveér maps from

ESA Climate Change InitiativéCCl) (Lamarche et al., 201And lidarbased aboveground

bi omass f rGiobal BdasystAnd Bynamics Investigon (GEDI) mission(Dubayah

et al., 2028).
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Chapter3Gl olbav el opment and Eval uat

EcosyBdamangr aphy model

Abstract

Terrestrial ecosystems play a critical role in the global carbon cycle and climate mitigation.
Understanding and quantifying underlying ecological processes is essential for projecting
future responses and feedbacks between the climate and terrestyatesoes A new

generation of vegetation models with a focus on demographic processes is important for
meeting this need at the global scale. Here, we present the global development and evaluation
of the Ecosystem Demography (ED) model, which features mistitatompetition between
individual vegetation anfibrmal scalingof the physiological processes individuatbased
vegetation dynamics to ecosystem scabeslding upon series of regional versions of ED, we
introduce several modifications such as fiefirplant functional types and leaf physiology

and including product pools for wood harvesting. We collect a set of benchmarking datasets
from remote sensing and field measurement to evaluate global ED performance with respect
to simulating vegetation didibution, structure, and carbon stocks and fluxes across different
temporal and spatial scales. Model evaluation suggests that global ED predicts well: (i)
general patterns of broadleaf and needleleaf trees (dominance and coexistence); (ii) global
total GHP, spatial variation, seasonal cycle and interannual trends; (iii) interannual variability
of NBP inEl Nifio and La Nifigevents; and (iv) vertical structure of leaf area and global

spatial pattern of canopy height.
3.1 Introduction

Terrestrial ecosystems and associated carbon cycle are of critical importance in providing

ecosystem services and regulating global climate. Plants store approximatély0B@ C as
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biomass globally ancemove approximately 120 Pgfdm the atmosphereaeh year

through photosynthes(8eer et al., 2010; Ciais et al., 201#uman activities over past
centuries have significantly impacted terrestrial ecosystems through biophysical and
biogeochemical mechanisms including rising atmospherig &&arming climate, and

alteration of structure, demography and functioning of ecosyqi€rasner et al., 2001;

Walther et al., 2002; Brovkin et al., 2004; Pielke Sr. et al., 2@ Wyently, terrestrial
ecosystems are estimated to be a net carbon uptakei 1.Pg C yt for the pastlecade
(20092018)(Friedlingstein et al., 2020Ruantification and attribution of the terrestrial

carbon sink requires idepth understanding ohderlying ecological processes and their
sophisticated responses and feedbacks to climate change, elevatesi€land use and land
cover change (LULCC) across multiple biomes and spatial and temporal(Stahesiell et

al., 2007; Erb et al., 2013; Keenan and Williams, 20I8)s demand has driven the

emergence and development of dynamic global ecosystem models (DGVMs), which simplify
the structure and functiorgrof global vegetation into several plant functional types and
simulate vegetation distribution and associated biogeochemical and hydrological cycles with
ecophysiological principle@rentice et al., 2007; Prentice and ding; 2013) The first
generation of DGVMs have been used successfubyltivess variety of carbon cycle

related questions and also integrated into Earth System Models (ESids)er et al., 2001;

Sitch et al., 2008 However, despite the broad applications, the first generation of DGVMs
has been critiged for their poor vegetation representation in a grid cell by several
homogeneous patches of plant functional types (PFTs). These models lack representation of
competition between plant individuals and explicit characterization of demographical
processese(g., recruitment and mortalit{Quillet et al., 201Q)These limitations may

increase uncertainties arising from ecosystem demographics in projection of future ecosystem

dynamics and responses and feedbacks to cli(Hatetingford et al., 2008; Purves and
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Pacala, 2008; Friend et al., 2014; Friedlingstein et al., 2014; McDowell et al., RER0)
generation of vegetation modelgnsdemand with a focus on demographics andsicede

heterogeneity at individudével (Scheiter et al., 2013; Fisher et al., 2018)

Individualbased models (IBMs) or a special category called forestrgaiels have a long
history as tools to understand and predict {&rgn dynamics of ecosystem succession,
structure and composition by scaling up from individieakel processe@Botkin et al., 1972;
Shugart and West, 1977; Urban et al., 1991; Pacala et al., 1996; Kéhler and Huth, 1998;
Bugmann and Solomon, 2000; Fischer et al., 2016g&tet al., 2018)in IBMs, each
individual plant isexplicitly simulated for itdate throughout the life cycles functions of

local resources (light, water and nutrients) and competition between neighbour plants
(Shugart et al., 2018Pkant starts from seedling, grows in size (e.g., height, diameter and
biomass), share resources with other plant and also modifies local resource availability.
Larger plants dominate canopy and shade surrounding smaller plants, death of larger plants
forms @nopy gaps and a new light regirRdant establishment and mortality processes are
stochastically determine&peciesspecific parameterizations and functions determine plant
characteristics in terms of birth, dispersal, growth, shade tolerance and sleath survivor
strategy. Because of representing plant at individual scale, IBMs can usually use forest
inventory measurements to initialize and parameterize the méaeést gap modelsave

been intensively developed and applied in a variety of foosstisglobe, the model family

has now grown to hundreds of models from early twelve pioneer m@telgart et al.,

2018) However, applications dbrest gap models are limitedltmcal and regional domains
because of intensive computation dehaT he inherent stochasticity nature of IBMs requires
multiple realizations to obtain mean behaviour of the models, and each realization has to

handle hundreslofthousands of plant individuals in a landscégeel simulation. Such
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computational complexitis quite challenging for continental and globpplications,
particularly when coupling with other sophisticated models of plant physiology, biophysics

and hydrology.

In response to this challenge, the Ecosystem Demography (ED) model has been developed
with aneconomic approach (Sizand AgeStructured, SAS) to approximate forest gap
models(Hurtt et al., 1998; Moorcroft et al.0R1) In ED, plants are discretized into patches
according to succession age (years since the last disturbance), and plants within the same
patch are further discretized into cohorts according to size (e.g., height or biomass). Hence,
all individuals ina cohort are treated as identical, modeling entity becomes cohort instead of
each individual as forest gaps models do. Moreover, in ED, establishment and mortality
increase or reduce individual density of a cohort rather than stochastically add or remove
individuals. This SAS approximation largely reduce computational complexity, allowing
ecological processes at individuals scale to be efficiently scaled up ecosystem scale
dynamics. In addition to increasing computation efficiency, ED retain the abiltigptoire
fine-scale processes: it tracks individual growth, recruitment, mortality, competition, and
recovery from disturbance, and capture spatial heterogeneity resources (e.g., light, water and
nutrient); it explicitly tracks forest structure (e.g., i@t leaf area, canopy height, etc) along

with ecosystem succession.

Since its emergence, the original ED has been continuously developed and applied at various
regions and spatial scales by different research groups. The original model currently has
branched intdhree general derivatives summarized in Fishet al.,2018. One branch is

theED2 which was started from Medvig2006)and Medvigyet al.,(2009)and

subsequety developed to recent version ZLbngo et al., 2019a, 20196heED2 branch

incorporates canopy and soil biophysical scheme fitoer_and Ecosystem Atmosphere
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Feedbac k tostMe dafbon2water and energy cycle at patod cohordevel. The
implementation of biophysics gives rise to gyridl abiotic heterogeneity which is impant

to track shorterm fluxes of CQ@ water and energy. This branch also includes regional
development such as empirically constraining phenology scheme for temperate and tropical
regions(Kim et al.,2012; Jeong and Medvigy, 2014)troducing traitdriven plant hydraulic
scheme for tropical regiorfXu et al., 2016)dataconstraned parametrizationfor north

America ecosystem®ledvigy and Moorcroft, 2012ED?2 also has been used to predict
resilience of tropical forests to climate charfgbang et al., 2015; Levine et al., 2016; Longo

et al., 2018pnd response of temperate forest succession to elevatgd/diér et al., 2016)

More details of current ED2 andg summary of sequent developments could be found in
Longoet al.,(2019a) Another branch is the FATE&\nctionally Assembled Terrestrial
Ecosystem Simulatg¢anodel, which was started frofRisher et al., 2015)his branch

introduces ED concept (i,65AS approximation) into the Community Land Model version

4.5 (CLM4.5) and also merged other modifications (Fisher et al., 2015). FATES model alters
the original land surface representation in CLM4.5 by replaeFRgbased tiling structure

with cohort anghatch based tilingtructure FATES has been used to prediame

boundariesn eastern North America and to explore its sensitpignt traitvariations.

The final branch is ED, which remain the original naming in subsequent developments. This
branchED mainly focus on characterization of lansle driven demographic dynamics and
direct connection of ecosystem successional stages to forest structure observatienseLand
characterization was introduced by Huwettal.,(2002) which allows ED to track additional
subgrid heterogeneity associated with different types af lase and the transitions between
types. With this development, ED can simulate togrgn ecosystem dynamics with effects of

historical land use activities (e.g., deforestation, harvesting, shifting cultivation and
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reforestation). In addition, Hurét al, (2004)proposed to directly link ED simulations with
forest structure observations from remote sensing. This development uses canopy height from
lidar measurements as proxy to infer contemporary successional stages of ecosystems.
Several subsequent studies have carried out to demonstrate the efficacy of lidar remote
sensing in improving estimates of carbon fluxes and vegetation carbon ($tock<t al.,

2010, 2016, 2019b; Ma et al., 202Bpth these two developments advances ED in the way to
obtain contemporary demographic conditions, which is critically important to quantify
contribution of demogughic processes to terrestrial carbon sink and project associated future
carbon sequestration in futufidurtt et al.,2019b; Ma et al., 2021Pther applications and
developments include investigation of net impacts of tropical cyclones on the carbon balance
of eastern US between 1851 and 2(®iBk et al., 2013)and prediction of spatiaHgxplicit

plant migration in response to climate chafiglanagan et al., 2019 urrently, this branch

ED has integrated submodules friaaf physiology at rapid temporal scales, phenology,
growth, reproduction and mortality at intermediate temporal scales, and vegetation
composition, soil biogeochemical cycles and LULCC, ED can be used to predies¢atge
ecosystem dynamics and asstagibcarbon and nitrogen cycles to the ecosystem and
community levels, capturing responses to environmental changes including natural
disturbance (e.g., storms, fire and etc), climate change, risingg@_ULCC. This branch

ED has been used tNASA CarbonMonitoring Systenas the tool for high spatial resolution
(e.g., 90 m) regional forest carbon madgland monitoringHurtt et al., 2019b; Ma et al.,
2021)and also by NASAGlobal Ecosystem Dynamics Investigatimission for

guantification of land carbon sequestration poteBabayah tal., 202@&; Ma et al.,

202).
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While numerous studies have utilized the branch of ED model at various spatial scales and
regions, none have done so globally. The global development and evaluation has become
increasingly importarin the context of: studying the roles of demographic processes in the
global terrestriatarbon cycle; developing global carbon modeling and monitoring system by
leveraging satellite observations from ongoing lidar missions (GEDI and |I€g8atibayah

et al., 202@; Markus et al., 2017)dentifying model uncertainties and limitations of global
scale applications and prioritizing future developments in need. Therefore, in this study, we
develop the global vsion of ED model by building upon previous regional versions of the
last branch ED and introducing several modifications. Specifically, we have designed an
experimental protocol of model spip to contemporary ecosystem conditions by taking
account climge change, risngC&and | and use history. We then ey
simulation of vegetation distribution, carbon fluxes and stocks, and vertical vegetation
structure against benchmarking datasets from remote sensing observations and field
measuremest Our purpose here is not only to provide an overview of model performance,
but also insights into the next stage of model development. We will summarize the core
principles of the global ED model and newly introduced modifications in this study inrsectio
3.2. We will then describe our experiment design, model simulation, and benchmarking
datasets for evaluations in sectio8. 3-inally, we will discuss current strengths and

limitations of global ED and future development needed in sectidren83.5, respectively.

3.2 ModelDevelopment

Global ED is built upon series of previous developmé@¥tisorcroft et al., 2001; Hurtt et al.,
2002; Albani et al., 2006; Fisk, 2015; Flanaganetal., 2019T o ext end EDO6s capab
globally, several modifications are introduced to capture global vegetation distribution across

biomes and relatechrbon stocks and fluxes. This section starts with introduction of ED
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principle and dynamic characterization and then summarizes the modifications. The full

descriptions of each submodules in ED can be found iAppendix B
3.2.1 ED Principle

ED charaatrizes ecosystem heterogeneity using an SAS approach which consists of two
Partial Differential Equations (PDE) to capture vertical and horizontal heterogeneity in
resource availability and vegetation structure. The SAS approach represents vegetation by a
hierarchical structure of patches and cohorts as illustrated imeldd., a given grid/site is
separated into patches according to age since the last disturbance or LULCC, and a patch is
further separated into cohorts according to plant size (e.g. tlaidtbiomass). In the SAS
approach, horizontal heterogeneity is captured by tracking patch demography, patch

dynamics in terms of ageing and disturbance are depicted by a PDE:

—cr)] _olo] _ oon oo

(3.1)

—a
—a

_f Gon o

Wherery ¢fp is proportion (or area) of a patch in grid cell with age land use typéat

timet. _ ¢¥o is the natural disturbance rate of the patch, (Yo is land use transition rate

from land typd toj at timet. Terms on theight-hand side of the equation represent

proportion of change due to ageing, natural disturbance, and LULCC, respectively. In
addition to age, area and land use type, patches have respective resource availability of light,

water and nutrients and cohadampositions.
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Figure3.1. Diagram of vegetation representation scheme in ED model. Globe consists of land
grids with fixed spatial resolution. A grid consists of patches with different ages from last
distubance and land use types, and patch areas dynamically change overatirasuatsof
disturbance and land use changes. A patch consists of consists with different plant functional
types and sizes. Plants in a cohort are depicted by properties includiiidual density,

canopy height, diameter at breast (DBH), and biomass in leaf, sapwood, structural tissue and
fine roots, and all these properties are simulated as a result of interaction with environment
and other cohorts. Note that not all propertiessirown here.

Vertical heterogeneity is captured by tracking plant size (e.g., height and bidmacisprts.
Cohort contains plants with the same function types and size, and cohorts compete with each
other for light, water and nutrients. Plant size amtividual density is tracked for each cohort

in each patch. Cohort dynamics in terms of growth, mortality and ageing are depicted by:

Lo oiid o cobidd: Rty g b
T 0 T W T W

(3.2)

CoHphfp e osid
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Where¢ o is plant individual density of a cohort with sizefunctional typex, and

agea at timet in land use type "0 »hifd and' H»MH O are growth in size and mortality
rates, respectively, and are nonlinear functions depending on resource and competition
outcomes. Terms on the righaind side of the equation represent individual density changes

due to growth, ageing, and mortality, resipesly.

The above two PDE equations depict general dynamics of patch demography and plant
individual density in cohort, with detailed dynamic processes implemented by submodules.
Processes represented in ED are illustrated iarE®)2. Specifically, forcohort dynamic,

plants in a cohort assimilate carbon from atmosphere through photosynthesis, which is
described in leaf physiology submodule. Modeling carbon assimilation takes into account the
light, water and nutrient availability of a patch and enwinental conditions (e.g., air

temperature, humidity, and G@vel). Carbon uptake is then allocated to growth of height

and biomass, autotrophic respiration, and decay of tissues (leaves, stem and, roots), which are
described in the growth and allocation submodule, and also to the germination and dispersal
of seedings between patches, which is described in reproduction submodule. Plants change
leaf biomass as seasons shift or when environmental conditions are unfavourable, which is
described in leaf phenology submodule. Plant individual density changes oveuén® d

mortality from either natural death or carbon starvation, which is described in the mortality
submodule. Carbon from dead plants and decayed tissue of living plants are transferred to the
soil pools and subsequent decomposition processes are thgchersoil biogeochemical
submodule. In addition to carbon, plants also uptake water and nitrogen from the soil and lose
water through evapotranspiration and return nitrogen back to soil. The water and nitrogen
cycles are respectively described in therbiabical and soil biogeochemical submodules.

For patch dynamics, disturbance diversifies patch demography, resulting in a grid as mosaic
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of patches with different ages, areas and land use types. Disturbance also alters plant
composition, competition, suession and other processes in cohorts and sequent carbon,
water and nitrogen in soil. In addition to natural disturbance (e.g., fire and wind), a variety of
land use activities (e.g., wood harvesting, deforestation and reforestation) is characterized in

the submodule of disturbance and land use.

Ecosystem Demography
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Figure3.2. Schematic diagram of processes represented in ED model. Dynamics at cohort
level consists of carberelated flow (green arrow), wateelated flow (bluearrow) and
nitrogenrelated (orange arrow). Carbon dynamics include carbon assimilation by
photosynthesis, carbon allocation for plant growth in height/DBH, reproduction and
respiration, carbon translocation between plants and soil through tissue twsditterfall

and dead plants due to mortality, and carbon decomposition and respiration in soil carbon
pools. Water dynamics include water inputs from precipitation and infiltration into soil,
uptake by vegetation and evaporation and transpiration disditanopy. Nitrogen

dynamics includes nitrogen uptake from soil pools, translocation from vegetation to soil
through litterfall and dead plants, and mineralization and immobilization in soil. Note that not
all processes that ED characterize are deploged. Dynamics at patch level consist of
consequences from a variety of disturbance events both natural and anthropogenic. Patch
dynamics include disturbanakiven patch heterogenization in age and areas, forest
succession, wood harvesting, deforestafiiwrcropland and pasture expansion, and forest
recovery and reforestation from abandoned cropland, harvested forest and pasture.
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3.2.2 Refinement of plant function type

In Global ED, we refine PFTs previously developed in Moorabdél.,(2001) Hurttet al.,
(2002)and Albaniet al.,(2006) Here we include seven major types, nhamely early

successional broadleaf trees (EaSBhigdlesuccessional broadleaf trees (MiSBT), {ate
successional broadleaf trees (LaSBT), northern and southern pines (NS8)¢tassional

conifers (LaSC), C3 shrubs and grasses (C3ShG), and C4 shrubs and grasses (C4ShG). The
broadleaf PFTs (i.e., EaSBMISBT, and LaSBT) are distinguished between tropical and
norttropical subtypes iterms ofleaf traits (e.g., leaf lifespan, specific leaf area, and leaf
photosynthesis rate) and mortality rate. The boundary of tropical artlopacal subtypes is
delineated by whether the multidecade average air temperature during the coldest month of

the year is above or below 18.

PFTs differ in phenology, leaf physiological traits, allometry, mortality rate and dispersal
distance. For example, for phenology, netslif PFTs (i.e., NSP and LaSC) are evergreen,
and broadleaf PFTs (both tropical and #impical subtypes) and grass PFTs are-cadi
droughtdeciduous; For leaf traits, broadleaf tropical subtypes have longer lifespan but lower
specific leadcarea andarboxylation rate than namopicalsubtypes. needleleaf PFTs have
longer lifespan than broadleaf PFTs; For allometry, the seven major PFTs all use different
allometric equations, but broadleaf PFT subtypes share the same allometry; For mortality,
grass PFs have the largest mortality, followed by broadleaf PFTs and needleleaf PFTs.
broadleaf tropical PFTs are larger than+tapical subtypes.; For dispersal distance, the
EaSBT disperse more seedlings to+hmral patch than the MiSBT and LaSBT, and thé®NS

is more than the LaSC. Detailed parameterizations of which can be found within each

submodule section of the Appenddxd.
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Spatial distribution of PFTs is mechanistically determined by individual competition for light,
water and nutrients. No quasguilibrium climaté vegetation relationships, such as satellite
based PFT maps or climatic envelope thresholds, are used to constrain presence or absence of
PFTs. All PFTs could potentially coexist in any location over globe and are initialized with
the same dwsity; the subsequent competition determines when and where specific PFTs
dominate the ecosystems. The competitive advantage of each PFT results from plant traits
such as photosynthesis efficiency, height growth rate, and reproduction strategies. These
advantages vary with climate conditions and ecosystem successions as well. For example,
leaf physiological traits exhibit tradeff across PFT#&Reich et al., 1997 omparing to

needleleaf PFTs, broadleaf PFTs have a relatively larger leaf area per leaf weight and higher
carbon assimilation rate per leaf area, but higher carbon dduoaledf turnover. Moreover,

the earlysuccessional PFT rapidly accumulates carbon, quickly grows in height, and
disperses seeds over ledgtances. These characteristics lead to its dominance at early
successional state of recently disturbed ecosystdowever, its intolerance of shade makes

it less competitive as the canopy close, eventually being replaced bgndithte

successiond?FTs which have lower morality in shade but grow more slowly in height.

3.2.3 Freezing injury

Exposure to low temperatures can cause tissue damage to twigs and buds, affecting sequent
carbon balance and surviyileHayes, 1992; Gu et al., 2008; Sakai and Larcher, 2012; Sakai
and Weiser, 1973; Vitag et al., 2014)n global ED, we characterized injury effects by
introducing leaf loss at low temperatures. When monthly average air temperature drops below
the defined freezing resistance threshold varying with PFTs, the carbon in leaf biomass is

reduced as well as in active biomass pddie resulting leaf loss could affect ongoing carbon
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assimilation and height growth, and also may result in competitive disadvantage over others

PFTs with more resistance to freezing.

3.2.4 Leaf physiology

We refine eaf physiology submodule such as reformulating functional forms of
photosynthesis calculation in C3 and C4 pathwi&gsquhar et al., 1980; Von Caemmerer

and Fubank, 1999)adding boundary layer conductance for diffusing water vapor and CO
between ambient air and leaf surface, and parameterizing temperature dependence in
Arrheniusbased functionéBernacchiet al., 2001; von Caemmerer et al., 2009; Kattge and
Knorr, 2007; Massad et al., 2007; Von Caemmerer, 200Qhis physiology submodule,
photosynthesis, stomatal conductance and leaf energy balance are coupled to mechanistically
guantify leaflevel cabon and water exchange in response to environmental conditions (air
temperature, shortwave radiation, air humidity, wind speed,|&®@l). Specifically,
photosynthesis suimodel depicts any biochemical limitations to carbon assimilation by
considering temperatuaependent enzyme activities, €€upply and light availability;

stomatal conductance suiodelestimates stomatal opennéssesponse to air humidity and
resulting water vapor and G@xchange between ambient air and leaf intercellular space; leaf
energy balance sumodel solves the energy budget equation of absorbed and emitted
radiation, and estimatégat loss due to comgtion and transpiration to estimate leaf
temperature at equilibria with environmental conditions. Threensotbels are

simultaneously solved by numerical iterations to determine photosynthesis, leaf respiration
and transpiration rates per unit of leafaarBetailed equations and associated

parameterizations can be foundippendixB.3.
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3.2.5 Evapotranspiration

We introduce evaporation from soil and wet canopy to estimation of total evapotranspiration
in a patch, which is absent in previous models. Tinuglobal ED,total evapotranspiration
consists ofoil evaporatiorO , wet canopy evaporatidd , and canopy transpiration

oy

oY O © "y (3.3)

Canopy transpiration is estimateddmaling the transpiration rate of all leaves up to the
canopylevel. Evaporation from soil and wet canopy is estimated by an approach from Mu et
al., 2011 Specifically, in this approackspil evaporation comes from both saturated soil
surfaces and moistifaces. Evaporation from both surface types is modelled using the
PenmarMonteith (RM) equation(Monteith, 1965) but moist surface is further constrained

by an empirical soil moisture functiqrisher et al., 2008)Canopy evaporation is also
estimatedy the PM equation withssociated parameters of absorbed radiation and
aerodynamic and surface resistance. Soil and cagvamyoration are mediated partition of

net incoming radiation between the canopy and soil, and the partitioning fraction is a function
of leaf area in theanopy; Dense canopy allows less radiation to reach the ground and in turn,
results in less evaporation from soil. Soil and caneygporation are computed separately for
daytime and nighttime to reflect different meteorological conditions, includingvednaet

radiation, air temperature and humidiBetails of evapotranspiration calculation can be

found in Appendix.9.
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3.2.6 Soil hydrology

In the hydrology submodule, we still use a siFiglger bucket model to track soil water
availability within a patch as developed in Moorcretftal.,(2001)but additionally consider
processes of snowpack formation and snow melt and add an option to use Ma@alem
Gehuchten (MvG) basl soil hydraulic parameters. In this submodule, soil gains water from
precipitation and snowmelt and loses water via evapotranspiration, percolation and runoff.
Snowpack formation and snow melt currently is depicted in a simple and empirical way that
snhowpack forms by precipitation when monthly average air temperature is below the freezing
point and starts to melt with a rate linearly related to the air temperature until depletion.
Therefore, taking into account precipitation, snow melt, percolation, frlaraf
evapotranspiration from soil and canopy, the change rate of soil water content can be

expressed as:
Qo0 Y nai dY (3.4)

Where is precipitation and set to zero when monthly minimum air temperatures are lower
than 0°C, "YDis snowmeltO "¥ total evapotranspiration, andQ iisercolation and

runoff, as estimated by the Mualeran Gehuchten (MvG) equation. Soil hydraulic

properties €.g., soil depth anshturated hydraulic conductivity) and other parameters used in
MvG equation are specified by Montz&aal.,(2017) which employed MilleiMiller theory

to scale the statef-the-art soil dataset SoilGrids1lkm for Earth System Model to provide
spatially consistent hydraulic parameters. 8gpendixB.9 for moredetails regarding the

soil hydrology module.
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3.2.7 Wood product pools & crop calendar

Modifications on land use submodule include adding wood products pools and crop calendar.
Previously developed land use submodule only tracks changes in vegetation amtbaioil ca
during various land use activities, but not track decay process after removal. However,
removed carbon from wood harvestings and deforestations are used for various purposes,
resulting in different lifetimes and temporal emissions to atmosphere.fotegree add three
wood product pools to track the lifecycles of harvested wood and associated decay process.
Product pools gain wood from land use activities such as wood harvesting or deforestation.
The biomass of vegetation involved are then allocatdittér pool and wood product pools.
Allocation fractions vary with PFTs types, land use activities, and spatial location (Appendix
B.11). Wood stored in product pools decays over time and ends up as emissions to
atmosphere. These three pools differ igitlilecay rates (1, 10 and 100 years, respectively).
For example, the 29r product pool generally depletes within about 10 years if no additional
carbon is loaded. Decay rates are estimated using the exponential function fronetHdrris

(2015)

A climatedriven crop calendgSacks et al., 201® used to determine the planting and
harvesting date of crefype PFTs (i.e., C3ShG and C4ShGjop growing areasre

delineated to temperaturer precipitationlimited regions depending on whether the average
air temperature of the coldest month is below or aboveC1Mh temperaturdimited regions,
crop PFTs are planted in or harvested from @ajzches relative to the defined temperature
threshold. For precipitatielimited regions, planting and harvesting occurs relative to the

monthly total precipitation is threshold (i.e., 100 mm/month).
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3.3 Model Experiment and Evaluation

Global ED consistsf two separate runs at 0.§patial resolution with consideration of

climate variability, elevated CQand land use change. The first run (called the equilibrium
simulation) spun up global ED to obtain model initial conditions representing ecosystem
staes at A.D. 850. This run was performed for 1000 years by which PFT composition and
carbon pools of vegetation and soil reached a dynamic equilibrium. The second run (called
transient simulation) restarted from the initial conditions at A.D. 850 and cedtinunning

for 1166 years corresponding to A.D. 85A.D. 2016 with varying C@levels landuse
change, and climate variabilitBoth runs were driven with meteorological forcing from
NASA ModernEra Retrospective analysis for Research and Applicati@nsion 2

(MERRAZ2) (Gelaro et al., 200)7and surface C&concentration from NOAA CarbonTracker
Database version 2016 (NOAA CT201Pkters et al2007, withwith updates documented

at http://carbontracker.noaayjoAdditionally, the transient simulation run prescribed burned
area using th&lobal Fire Emissions Databasersion 4 (GFED4{Randerson etla 2015)

and forced landise change with Land Use Harmonization version 2 (LUHZ2)tt et al.,

2019a, 2020)Sections 3.1 and 3.2 detail the equilibrium and transient simulations,
respectively, and section 3.3 details the meteorology, @@l burned area and lande

forcings.

3.3.1 Equilibrium simulaton

The equilibrium simulation was started from bare ground where the soil and vegetation
carbon pools were set at zero, and all PFTs were initialized with equal seedling density for all
patches and all grid cells over globe. This raswlriven for 1000 years with MERRA2

climatology of 19811990 and NOAA CT2016 surface C@verage of 2002014 (spatial
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varying and global average rescaled to 280 ppm). No climatic envelope or potential biome
maps were used to constrain PFT spatial distiob. The lanelse change module was

disabled in this run of simulation.

3.3.2 Transient simulation

The transient simulation was restarted from equilibrium and driven with the LUH2,

MERRA2, NOAA CT2016 and GFED4 datasets. The asd change submodule was

activated, and all landse transition types from LUH2 were incorporated into the simulation

at annual time steps including shift cultivation, deforestation, and wood harvesting.

MERRA2, NOAA CT2016 and GFED were used throughout the simulation with waryin
temporal settings depending on datailability. Specifically, for MERRAZ2, a climatology
between 19811990 was used until 1981, and annual meteorology was used subsequently. For
NOAA CT2016, a surface C@oncentration average between 2014, whichvaries

spatially and grows over time, was used until 2000, while annual NOAA CT2016 surface

CQO; concentration was used subsequently. For GFED4 burned area, an averaged between

19962016 was used until 1996, after which annual burned area were used.

3.3.3 Forcing data

Meteorological variables utilized from MERRAZ2 include surface air temperature (TLML),
surface specific humidity (QLML), precipitatioRRECTOTCORR incident shortwave
radiation (SWGDN), surface wind speed (SPEED), and #ayér soil temperaitre
(TSOIL1-TSOIL3). Oiginal estimates ofurface air temperature, surface specific humidity,
incident shortwave radiation and surface wind speed were averaged from daily hourly to
monthly hourly for each year between 1981 to 2016. The resulting annotilynaverage of
diurnal meteorological variables were used to drive the leaf physiology submodule in ED.
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Hourly surface air temperature, precipitation and soil temperature were also aggregated to
monthly averages for each year between 1981 to 2016, amdisied to drive the soil

hydrology, phenology, evapotranspiration, and biogeochemical modules in ED.

Surface CQconcentration was extracted from the lowest vertical level of NOAA CT2016
CO, mole fraction which is temporally and spatially varying. Thgiogl datasets were first
linearly interpolated from %2 (longitude x latitude) to 0.%0.5 and from 3hour to hourly,

and then averaged to monthly hourly estimébegach grid cell and each year between 2001
and 2014, resulting in surface €€ncentration maps with 4032 fields (14 years, 24 hours,
12 months) for each.5 x0.5 grid. The surface C&concentration maps were used to drive
the transient simulation from 850 to 2000, retaining average spatial variation between 2001
and 2014 andpgying a scaling factor to force the global annual averagged@@centration

to remain at 280 ppm before 1850, then grow linearly to@gitf in 1950 and to 375 ppm in
2000Q This increasing trend in global averagatches observed G@rowth rates from

(Keeling, 2008)

LUC forcing was derived from the LUH2 (versiogh) for years 85@015. The original land
use state and land use transitions were aggregated from a spatial resolutiornxof 262

0.5 x0.5 for each year between 850 and 2015. Subtypes of land use states and associated
transitions were grouped toajor land use types of igedecessorersion (LUH1).

Specifically, sub crop types of C3 annual crops (c3ann), C3 perennial crops (c3per), C4
annual crops (c4ann), C4 perennial crops (c4per) and C3 nitfiagancrops(c3nfx) were

all merged as croplai Forested primary land (primf) and rfomested primary land (primn)
were merged as primary land, forested secondary land (secdf) affiorested secondary

land were merge as secondary land, managed pasture (pastr) and rangeland were merged as
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pastureNot e t hat all types of |l and use transiti ons

land use module.

3.3.4 Benchmarking evaluation

A comprehensive benchmarking package (T8Mg was collected to evaluate ED

performance in simulating ecosystem dynamiasd t he t errestr i al car bon
climate change, landse change, and rising @Multiple critical variables that govern

ecosystem functioning, including PFT distribution, carbon stocks in vegetation and soil,

carbon and water fluxes, andgetation structures in terms of canopy height and vertical

LAI, were compared against the benchmarking package. ED evaluation was carried out at

different spatial (grid, latitudinagnd biomelnd temporal scales (climatological, seasonal

and interannual)
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Table3.1. Summary of benchmarking datasets used for evaluation of global ED model.

Variable Source Description Reference
Vegetation distribution
PFT ESA CCI Globalgridded, 30eém, 2015 ESA(2017)
Carbon stocks
GEOCARBON Global gridded, 0.0tlegree2010 Avitabile et al.,(2016)

Santoreet al.,(2015)

AGB Santorcet al.,(2018) Global gridded, 106n, 2010 Santoreet al.,(2018)
Spawn et al., (2020) Global gridded, 300n, 2010 Spawnet al.,(2020)
Soil carbon HWSD Gridded,0.05 degree, 2000 Wiederet al.,(2014)
Carbon and water fluxes
FLUXCOM (RS+METEO,  Global gridded, 0.0838egree, 1972017
cpp CRUJIA and ERAB) monthly Junget al.,(2020)
Global gridded, 0.0%6legree, 2002018 .
FluxSat monthly Joineret al.,(2018)
Global gridded1.875x3.75degree, 1979 .
CAMS (v17rl) 2017 monthly Chevallieret al.,(2005)
Jena CarbonScope Global gridded, 2.5x2.0 degree, 198016 .
\Ep (s81oc_v2020) daily Rodenbeclet al.,(2008)
CarbonTracker Europe Global gridded, 1x1 degree, 262016 van der Laaf uijkx et al.,
(CTE) monthly (2017)
GCB2020 DGVMs Global total, 1952019 yearly Friedlingsteiret al.,(2020)
GCB2020 Residual sink Global total, 1952019 yearly Friedlingsteiret al.,(2020)
FLUXCOM (RS+METEO,  Global gridded, 0.0838egree, 1982014
ET CRUNCEP and GSWP3)  monthly Junget al.,(2020)
Vegetationstructure
Tree height GEDI L2A (v001) 51N ~51S, 26m footprint, 20192020 Dubayahet al.,(202)
9 ICESat2 ATL08 (v003) 51N ~ 51'S, 100m footprint, 2018020  Neuenschwandet al.,(2020)
LAl MODIS MCD15A3H (v006) Global gridded, 50@n, 20032016 4day Myneni et al.,(2015)
GEOV2 Global gridded, 1/&m, 19992016 10day Vergeret al.,(2014)
Vertical LAl GEDI L2B (v001) 51N ~ 5I°S, 20m footprint, 20192020 Dubayakhet al.,(202Q)
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The satellitebased land cover product, ESA CCI, was used to examine the distribution of

three modelled PFTs, grass, broadleaf trees, and needleleaMaggssatellitebased land

cover datasets differ largely in PIg€finition from the global ED. For example, no

successional types of PFTs exist in ESA CCI land cover types. Thus, the native PFTs in

global ED and ESA CCI both have to be aggregated to broader categories such as broadleaf

PFTs, needleleaf PFTs and grafd & To do this, the 22 native land cover classes of ESA

CCl were first reclassified to O6broadleaf ever
6needl el eaf evergreen treeb6, O6needleleaf decid
using a crossvalk table(Poulter et al., 2015 hey were then further merged by phenology

type and aggregated to 0.5 degree, resulting in PFT fraction maps of broadleaf PFTs,

needleleaf PFTs, and grass and shrub PFTs. ED PFTs of EaSBT, MiSBT and LaSBT were

merged as broadleaf PFTs, NSP and LaSC wereetierg) needleleaf PFTs, and C3ShG and

C4ShG were merged as grass and shrub PFTs.

Modelled gross primary productivity (GPP) was evaluated with respect to spatial pattern,
seasonality, and interannual variability using satellite-dateen GPP datasets FLUXIM
(Jung et al., 202@nd FluxSatJoiner et al., 2018pnd the satelliteetrieved surinduced
chlorophylifluorescence dataset (CSi@hang et al., 2018)The FLUXCOM and FluxSat
datasets are derived from a ddtaven approach whichombines carbon fluxes
measurements from FLUXNET and satellite observations from MODIS. One major
difference between FLUXCOM and FluxSat is meteorological forcing and which specific
approach was used. FLUXCOM used meteorological forcing and a machmeadear
approach, while FluxSat used a simplified ligisie efficiency model that does not rely upon
meteorological forcing. The FluxSat also usatkllitebased SIF to delineate highly
productiveregions. Sadllite measurements of simduced chlorophyll fiorescence (SIF)
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have recently been suggested as a promising proxy of terrestrial GPP, exhibiting high
sensitivity to plant photosynthetic activitilsee et al., 2013; Guanter et al., 2014; Yang et
al., 2015) In this study, we chose CSIF dataset for its improved spatiotemporal continuity.
CSIF is generated by fusing Orbiting Carbon Observe2of@CO2)-retrieved SIF and
MODIS reflectance data using a machine learning approach. FLUXCOM, FluxSasiad

were all resampled to monthly estimates at 0.5x0.5 spatial resolution before the evaluation.

ED modelled net biome productivity (NBP) was compared against multiple sources including
estimates from procesmsed models, atmospheric inversions, an@@2® global carbon

budget (GCB2020jFriedlingstein et al., 2020For procesdased models, 1IDGVMs

reported inthe GCB2020 were used to calceldlhe respective net land sink by differencing

land uptake and land use emissions estimates (isfg SELuc). For atmospheric inversions,
three systems are used, namely CarbonTracker Europe (CarEdler Laasuijkx et al.,

2017) Jena CarboScope (version s81@denbeck et al., 200&8nd the Copernicus
Atmosphere Monitoring Service (CAM$Ehevallier et al., 2005J he thrednversions both

derive surface carbon fluxes with atmospheric G@asurements, prior constraints on fluxes,
uncertainty and atmospheric transport model, but vary with choices for specific data, prior
constraints and transport modéPeylin et al. 2013) In the GCB2020, the residual terrestrial
sink was used, which was calculated as total emissions from fossil fuel and land use change
minus atmospheric CQrowth rate and the ocean sink (i.ess EELuc T Gatm T Socean).

Multiple source estimas are used here for various purposes: comparing to DGVMs can
examine agreement between global ED and other batfprocesdased approaches in
temporal variability of NBPcomparing taheresidual sink of globatarbon budget report

can examine if glall ED estimates could reduce current budget imbalance; and comparing to
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atmospheric inversions can examine consistency in spatial attributions and temporal

variability of NBP between bottomp and topdown approaches.

ED-modelled carbon pools are evaluatgth regards to vegetation aboveground biomass
(AGB) and soil carbon. The reference AGB data includes estimates from GEOCARBON
(Santoro et al., 2Ib; Avitabile et al., 2016)Santorcet al.,(2018) and Spawrt al.,(2020)
These three AGB datasetopide high spatial resolution (e.g., 100 m to 1000 m)-¢eall

wall global estimates of the year 2010 but differ in their methodologies. Specifically,
GEOCARBON AGB is a forest biomass map produced by harmonizing theqacal
biomass map from Avitabilet al.,(2016)with the boreal forest biomass map from Sangiro
al., (2015) AGB from Santoraet al.,(2018)is produced by combining spaceborneRsA
(ALOS PLASAR, Envisat ASAR), Landsat, and Lidar observations from ICESat. AGB
from Spawret al.,(2020)is biomass not only for forest but also other woody-farast
plants.Reference soil carbon is frotihe Harmonized World Soil Database (HWSBjieder

et al., 2014)including soil carbon for topsail (0 to 30 cm) and subsoil (30 to 100 cm).

Evaluation of EBmodelled forest structure focuses on total and vertical diswibof leaf

area index (LAI) and tree canopy height. Two reference LAI products, namely MODIS
MCD15A3H (Myneni et al., 2015andGEOV2 LAI (Verger et al., 2014)are used for
evaluating total LAl in terms of spatial distribution, seasonality, and interannuabiigyia

The MODIS andGEOV2LAI datasets are both derived from passive optical observations
with empiricatbased inversion methods which relates leaf area with optical canopy
reflectance or vegetation indices, but these two products vary with sourcécaf opt
observations and choices for inversion methods. Reference vertical LAl is from the Global
Ecosystem Dynamics Investigation (GEDI) L2B products, which retrieves leaf vertical

distribution from lidar waveform returfDubayah et al., 202{). Reference canopy heighte

63



direct forest structure observation from GEDI L@2ubayah et al., 202) and the Ice,
Cloud and land Elevation Satellite (ICES)tATLO08 product{Neuenschwander et al.,
2020) Mean canopy height is generated at 0.5 degree tierrelative height 98percentile
(RH98) of all GEDI L2A footprints and canopy top height (h_canopy) of all ICRSat

ATLO8 segments of good quality.

3.4 Results

Here we present simulation results of global ED across four primary categories, PFT
distribution, vegetation and soil carbon pools, carbon and water fluxes, and vegetation

structure, including associated spatial and temporal evaluations with benchmarking datasets.

3.4.1 PFT distribution

The spatial fraction and corresponding latitudinaba of broadleaf PFTs, needleleaf PFTs
and grass and shrub PFTs are shown inr€ig.3. Native PFTs for both global ED and ESA
CCI have been rgrouped via a crosswalk table (details in section 3.5). Global ED generally
represents the observed distribat of both PFTs, where needleleaf PFTs dominate at high
latitudes, broadleaf PFTs dominate in the tropics, and grakshrub PFTs widespread all

over the globe. For example, global ED predicts the observed coexistence of broadleaf and
needleleaf PFTs isouthern China and eastern US. However, global ED predicts the
existence of needleleaf PFTs along the Andes Mountai@suth America and in southern
Australia, a pattern is not seen in the ESA CCI but in ground observétarsn and Filer,
2013) ED also predicts more broadleaf PFTs in eastern Europe and southern China, less
broadleaf PFTs in Africa savanna, less needleleaf PFTs in east Siberia, and less grass and

shrub PFTs both in Africa savanna and northerm&ln terms of latitudinal area per PFT,
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the smallest discrepancies global ED and ESA &fpkear in broadleaf PFTs, followed by

needleleaf PFTs, and grass and shrub PFTs.
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Figure3.3. Spatial fraction obroadleaf PFTs, needleleaf and PFTs and grass and shrub PFTs
in year of 2015 from ED (a), (c) and (e), and from ESA CCI (b), (d) and (f). Corresponding
latitudinal area is compared in (g) and (h).

3.4.2 Vegetation and soil carbon

ED estimates global totaboveground vegetation carbon (including forest andfamst) at

298 Pg C in 2010. This compares to 283 Pg C and 297 Pg C estimated byeSphwn
(2020)and Santor@t al.,(2018) and 220 Pg C estimated by the GEOCARBON which only
includes forest, respectively. ED AGB well captures the spatial pattern of the three reference
AGBs, showing the highest bionsadensities areas across the tropics (i.e., the Amazon
rainforest, the Congo river basin, and southeast Asia) with declining biomass densities
northward towards the temperate and boreal regions. For example, average AGB density is
about 15 kg C/min the topics and under 2.5 kg Cracross temperate and boreal regions
(Figure3.4e). The established biomass transition along the African fesastsna zone is

well reproduced by ED, albeit with relatively lower values than the reference data across the
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savama. Discrepancies between ED and reference AGB data appear in southern China,
Southeast Asia and southeast Brazil, where AGB overestimation in southern China and Brazil
may result from landise forcing. The LUH2 v2h underestimates harvesting area on grimar
forest in highlatitudes, southern China, and Southeast Asia, and also underestimates cropland

area in southern BraZiChini et al., 2021)
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Figure3.4. AGB in 2010 from ED (a), Spawet al.,(2020) (b), Santoret al.,(2018) (c), and

GEOCARBON (d), with latitudinal average AGB compared in (). Notéqginclude AGB
of both forest and noeforest area, and (d) only includes forest biomass.

ED estimates global total soil carbon at 671 Pg C in 2000, which is withianige of

CMIP5 ESMs (5106 3040 Pg CYToddBrown et al., 2013put lower than the HWSD

estimate of 1201 Pg C. Comparing total stocks at the biome levat€E&i§d) shows that

ED generally reproduces soil carbon variation across biomes, but notably underestimates
carba in boreal forest/taiga, deserts and xeric shrublands, tropical and subtropical
grasslands, savannas and shrubland. The soil carbon map from ED reveals different spatial
patterns compared to HWSD, with relatively less spatial heterogeneity and fewes refifo
densities above 30 kg CnThis bias may arise from poor representations of biophysical
conditions such as watsaturated soils, where soil carbon is well preserved and likely

missing critical mechanisms. Similar to most DGVMs/ESMs, soil carkstrikdition is
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primarily driven by NPP and soil temperature. However, these two drivers can only explain a
small amount of spatial variation in the HWSD map, and other more important drivers are not
well characterized in ED and other ESM®dd-Brown et al., 2013)It stould be noted that

there are also substantial uncertainties with current empirical soil carbon maps in terms of

both global totals and spatial distributibrodd-Brown et al., 2013)
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Figure3.5. Sail carbon density i2000 from ED (a) and HWSD (b). Latitudinal average
density and total stocks per biome are compared in (c) and (d), respectively.

3.4.3 Carbon and water fluxes

Globally, ED estimates average annual GPP at 134 Pg Bejween 2002016, which

compares to 120 RQ yr* from FLUXCOM and 136 Pg C yrfrom FluxSat over the same
period (Figure 3.6). Global ED does well in capturing the spatial pattern of mean annual GPP
at the grid and latitudinal scales. Areas of highest productivity occur in the tropics, followed
by temperate and boreal regions. Average annual GPP is about 4 #gr@tnthe tropics and

1 kg C/nilyr in temperate regions. For the tropics, global ED is 0.5 kg/@/igher than
FLUXCOME but closer to the FluxSat (within 0.2 kg Clyn), and lower athe Africa

SavannaAdditionally, ED has relatively higher GPP in southern China and Brazil than either
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reference dataseh notably increasing annual trend in total global GPP can be seen in both

global ED and FluxSat estimates between 2P016 as welas from globally averaged CSIF

(Figure3.7). ED also reproduces GPP interannual variability from FluxSat, FLUXCOM and

CSIF, dipping in the years 2005, 2012 and 2015, and peaking in 2006, 2011 and 20x&4 (Fig

3.8). Regarding latitudinal seasonality at bieme scale, ED captures GPP timing for most

latitudinal zones including 60° ~ 90°N, 45° ~ 60°N, 15° ~ 30°N and 60° ~ 30°S. Major

differences appear in 30° ~ 45°N, where ED shdecreasé&om July-September, and in

15°S ~ 0°, where ED shows delayed mopththing of lowest annual GPP values.
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Figure3.6. Average annual GPP between 2001 and 2016 from ED (a), FLUXCOM (b),
FluxSat (c) and CSIF (d). Comparison of latitudinal average GPP is shown in (e).
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Figure3.7. Time-series of global annual total GPP from ED, FLUXCOM and FluxSat, and
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Figure3.8. Average seasonal cycle (26@016) of GPP from ED, FLUXCOM, FluxSat, and
CSIF by latitudinal band.

All NBP estimates shows an increasing trend but also substantial interannual variation during
the 19812015 period (Figre3.9). Global ED gnerally shows consistent variability with

other estimates at the global scale; all results show strong NBP reductigindiiio years

(such as 1983, 1998 and 2015), and strong NBP increasadNifiayears (such as 1989,
20012002 and 2011). An exceptidgs 19911992, where global ED and DGVMs are both

lower than atmospheric inversions. This is probably due tMth@inatubo eruptiorwhich

is not included in the shortwave radiation forcing of GCB2020 DGVMs or global ED
(Mercado et al., 2009; Friedlingstein et al., 2020)ddition, global ED shows a continued
increasing trend over the 20@D16 period, as reflected the mean of atmospheric

inversions but not the mean of DGVMs. For example, ED NBP is 2.34 Pg Clyr from 2007
2016, which is higher than either the mean of DGVMs (1.40 Pg C/yr) or the GCB2020
residual terrestrial sink (1.81 Pg Cl/yr), but within the rangbefitmospheric inversions
estimate (1.77 ~ 2.64 Pg Clyr) and closer to the upper bound of the DGVMs range (i.e., 0.58
~ 2.82 Pg Cl/yr). Latitudinal value comparison between global ED and atmospheric inversions
indicates contrasting attribution of the glbbmk (Figure3.10). In comparison to the

atmospheric inversions, global ED predicts a stronger sink in tropics and relatively weaker

sink in the Northern Hemisphere. Such a pattern is highlighted in the global carbon budget,
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where procesbased modeland the atmospheric inversions generally show less agreement

on the magnitude of the carbon sink in these two regions.

NBP (Pg C yr 1)

1985 1990 1995 2000 2005 2010 2015

Figure3.9. Global annual NBP between 1981 and 2016 from ED (black I@®VMs from

the GCB2020 (ensemble average shown in blue line Wlishspread shown in blue shading),

the ensemble of atmospheric inversions (ensemble average shown in pink lirfelsvith

spread shown in pink shading), and the terrestrial residual sink of the GCB2629 ljge).
Positive values indicate net carbon uptake from land. Background shading represents the bi
monthly Multivariate EI Nifio/Southern Oscillation (ENSO) index, where red indicates El

Nifio and blue indicates La Nifa.
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Figure3.10. Annual NBP between 1981 a@816 from ED and ensemble of atmospheric
inversions for the Northern Hemisphere (>30°N) (a), tropics (30°N ~ 30°S) (b) and the

Southern Hemisphere (<30°S) (c). Black line is ED, and the pink linpiakéhading are
the inversion ensemble average afdd spread of atmospheric inversions, respectively

ET estimates from ED and FLUXCOM are compared with respect to grid and latitudinal
distribution (Figire3.11). ED reproduces the general spatatern of ET, with the highest

rates located across the tropics and slow decreases towards high latitudes. This pattern also
follows the spatial distribution of precipitation. ED shows closer alignment with FLUXCOM

at the tropics (i.e., 1500 mm/yr) as et latitudes above 88 and below 3%S (i.e., below

500 mm/yr), but notably underestimates average annual ET in other latitudes. ED shows

smaller ET than FLUXCOME in dry regions such as southern Africa and interior Australia.
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Figure3.11 Average annual ET between 1981 and 2016 from ED (a) and FLUXCOM (b)
with corresponding latitudinal average comparison (c).

3.4.4 Vegetation structure

Evaluation of vegetation structure estimates focus on leaf area and caiyyy Figure3.12
presents the spatial distribution of growing season LAI from global ED, GEOV2, and
MODIS. Growing season LAl is chosen for comparison because winter snow in the northern
region (e.g., boreal forests) might affect LAl retrieval and cansertainties in remote

sensing estimatd®/urray-Tortarolo et al., 2013)r'here is good agreement in spatial pattern
betweerED and reference LAls (Fige3.12d), showing peaks in the tropics and boreal

region (near 50°N), and relatively low estimates across temperate regions. In the tropics, ED
has an average LAI of 6.0%fm? which is similar to GEOV2 but higher than MODIS.

However, ED shows higher LAl in temperate and boreal regions than both reference LAls,
specifically in southern China and Brazil. Despite the magnitude discrepancy of growing

season LAl between ED and reference LAls, there is a general agreement in theygreen
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trend between 1999 and 2016 (as shown infei8.13). The linear fitted LAI trend is 0.058

m?m? per decade for ED, 0.090°tm*for GEOV2and 0.046 mim? for MODIS. However,

ED shows larger interannual variation than the references. LAI seasonali&g isompared

across latitudinal bands in kige3.14, suggesting ED captures peak season in latitudinal

bands 60° ~ 90°N, 45° ~ 60°N, and 60° ~ 30°S, but shows less agreement with the references
in the tropics (0° ~ 15°N and 15S° ~ 0°). In addition, E& In winter is larger than either
reference LAI; at latitudes above 45°N, and between 30°N and 45°N, ED LAl is higher for all

seasons. Similarly, higher LAl also appears in 60°S ~ 30°S, across southern China and Brazil.
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Figure3.12. Average LAl during the growing season between 2003 and 2016 from ED (a),
GEOV2 (b),and MODIS (c). Corresponding latitudinal averages are compared in (e).
Growing season is defined as the months during which the average ardaamg of

MERRA2 is above 0°C.
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The anomaly is calculated by subtracting annual LAI by ryalir average.
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Figure3.14. Seasonal LAl by latitudinal band from ED, MODIS and GEOV2.

ED6s vertical LAl profile is compared to
51°N ~ 51°S where GEDI has observations. Spatially, EDGEDI L2B both show regions
where LAl becomes smaller as height increasesufEig115). Consequently, most vegetated
regions have LAI estimates at heights between 0 and. XDnly tropical rainforest and parts
of southern China and the US have LAl ab80en. The relative fraction of vertical LAl by
latitudinal band indicates ED broadly agrees with GEDI L2B, where the relative fraction
follows an exponential decay curve as height increaser@ay6). The majority of LAl is

in low canopy area (e.g., <6 m), where LAl under 10n is at least 40% of total LAl in the
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entire canopy. Discrepancies can be seen at-Be@nd 16015 m LAl interval along most

of latitudinal bands.
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Tree canopy height estimates from ED are compared with satellite lidar observations of GEDI

and ICESaR in Figure3.17. ED agrees with lidar canopy height estimates with taller trees in

tropical rainforests, southern @hi and the eastern US. The canopy height gradient from

forests to savannas in South America (northwest to southeast) and in Africa (central to north

and south) are also captured by ED generally. However, ED tree height in southern China,

and Brazil is higbr than the references. This is a similar pattern to AGB, which may be

related to land use forcing where cropland area and harvesting area of primary forest is

77



underestimated in these regions. ED tree height is smaller than references across African
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Figure3.17. Canopy height from ED (a), GEDI L2A (b), and ICEQaATLO08 (c).
Latitudinal averages are compared in (d). ESA CCI data grids with tree fractions below 5%
are masked.

3.5 Discussion andConclusions

In this study, we developed global ED and evaluated its capabilities to simulate vegetation
dynamics and the terrestrial carbon and water cycles. Model development is built on series of
regional versions and introduces modifications on submedilBFTs, leaf physiology, soil

hydrology and evapotranspiration and land use change.

The developed model is spun up from bare ground to present, simulating forest succession

and associated carbon and water cycle dynamics with considerations of hi&igti€aT,
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rising CQ levels and climate change. Evaluations against a comprehensive benchmarking
dataset suggest that the global ED well captures spatial variation of PFT, AGB, GPP, ET,
LAI (both vertical and total) and canopy height across latitudes antekicestimates global
total AGB and GPP within range of references but underestimate soil carbon; agree with
references in temporal trend and interannual variability of global GPP and NBP in response

to climate variability and rising CO

Evaluation of AGB GPP and NBP suggests that ED can characterize the spatial and temporal
variability of the terrestrial carbon cycle. First, ED did well in its spatial representation of

AGB, including transitions from the tropics to the boreal regions and from rainftodbis

savanna across South America and Africa. ED estimates of global AGB (298 Pg C) in 2010 is

close to reference AGB values in the same year (i.e., 283 and 297 Pg C). Second, ED

reproduced the spatial distribution of reference GPPs, where the gliathéd tose to

FluxSat GPP and falls within the range of TRENDY DGVMsav et al., 2015)More

importantly, ED estimated annual global GPP reveals a positive trend, reflecting both FluxSat

GPP and the new GPP proxy SIF. This positive trend coincides with estohategr

processbased models and satelliteiven dataset6 Anav et al . | 2015 ; O6Sul |
2020) A corresponding positive trend is also found in global average LAl values between

1999 and 2016, concurring canopy greening trend evident in other &idiest al., 2016;

Piao et al., 2020)The predicted enhancement of productivity is likely a response to

combined effects of C{ertilization, extended growing seasons due to increasing

temperatures, and forest recovery from prior disturbances, since the ED transient simulation

takes into consideration of risingGO t r ansi ent meteorol ogy, and LU
estimate clodg agrees with land sink estimates from multiple references in terms of global

total magnitude and interannual variability. For example, ED reproduces the impBEtts of
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Nifio and La Nifiaon the land sink, revealing the land as carbon source at grdfigo

events in 1982983 and 19971998. ED estimated NBP is generally within the range of
GCB2020 DGVMs before 2007, and closer to-tlgwvn atmospheric inversions from 2008 to
2016. Yet, causes of the estimated increase in-20@8 NBP is unclear and additial

experiments are needed to attribute it to climatedlemographiariven sink enhancement.

Simulating physiological processes at the individual level enables ED to characterize
competition between individuals and represent these processes achggirest dynamics.

For example, the prediction of broadleaf PFT dominance in the tropicsefaddk fraction

of needleleaf PFTs in the boreal regions is a result of PFT competition at the individual level.
Such competition affects the gaiost carbon balance of PFT individuals and in turn, affects
reproduction and mortality within ecosystemsED, broadleaf PFTs are defined with

relatively larger leaf area, higher photosynthetic efficiency, and faster growth in height, but
also with high carbon demand and turnover of active carbon components such as leaves, roots
and sapwoods. The growing seasength for broadleaf PFTs is determined by

environmental conditions. For example, water stress and low temperatures would cause leaf
senescence. In contrast, needleleaf PFTs have smaller bditviesh¢eaves which can
photosynthesize all year round evwerder unfavourable environments. Therefore, warm and
moist conditions in the tropics support broadleaf PFTs with high photosynthetic productivity
and noninterrupted growing seasons. Such conditions enable them to grow faster in height
and shade other &8, giving them a competition edge and placing competitive pressure on
needleleaf PFTs growth. In contrast, cold and dry conditions in high latitudes and altitudes
favour needleleaf PFTs. These cold and dry conditions limit the growing seasons and may

cau® freezinginduced leaf loss to broadleaf PFTs, which prevents them from maintaining a
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gaincost carbon balance and reproduction. As a result, needleleaf PFTs outcompete

broadleaf PFTSs, as indicated by their larger spatial domain and global fraction.

Charaterizing individual vegetation structure provides useful connections between ED and

forest structure observations from lidar remote sensing. This connection provides specific
opportunities for assessing t heintaladvwdh és abil it
land use history. In ED, the vertical structure (i.e., canopy height and leaf area) of each cohort

is explicitly modelled and tracked over natural succession, from seedlings to mature forests,

and also over disturbance (both natural antirapbbgenic) and recovery processes. In this

study, following an approach commonly employed by DGVMs/ESMs to initialize the model

with land use history, we spun up ED using equilibrium and transient simulations. The

equilibrium simulation obtained primarg@asystems conditions corresponding to the year

850. The transient simulation obtained contemporary ecosystem conditions resulting from

historical changes in land use, climate and atmospheric @ resulting forest structure, in

terms of canopy height drvertical LAI, was evaluated against novel and direct forest

structure observations from GEDland ICEQat The eval uationupsuggests
process generally captures observed spatial patterns of canopy height and vertical LAI. For
example, ED pedicted higher level LAI (>2@) in tropical forests than forests in other

regions, and LAl under 10 m accounts for 40% of total LAI regardless of biome and region.

ED also reproduced the overall height gradient across transition zones from foresht@asava

in South America and Africa. However, this evaluation also shows that ED produces an

uneven spatial distribution at the transition zone and may not predict the height of sparse tree

such as southern savanna in Africa. ED may also overestimate cangityitneouthern

Brazil; similar overestimates appear for GPP, AGB and total LAI.
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Benchmark evaluation also suggests future developments could focus on improving ED
through aspects including soil hydrology, soil carbon and nitrogen cycle. First, evabfation
GPP and LAI seasonality in the tropics indicates disagreement with reference data with
regards to the timing of peak productivity and total leaf area. ED estimated GPP and LAI
reach their minimum in March at 8 15°N and in September at 4% ~ @, andreach

maximum in July ~ September &9 15°N and in FebruarApril at 15°S ~ (. The timing

of GPP maximum and minimum appears to be delayed by about a month from FLUXCOM,
FluxSat and SIF estimates. A similar delay also occurs in LAI. Despite ED NBP
regponsiveness t&l Nifio, which reduces the sink or indicates a carbon source in some years,
NBP response in ED appears stronger than the reference data, and this primarily comes from
tropics (Figire3.10b). The mismatch in GPP and LAI timing between EDrafefences and
EDO6 st r on ¢gElNifemgy bergated to antensified soil water stress on leaf
productivity during dry seasons owing to current soil hydrology submodule. Current
submodule is a single layer bucket model with soil daptho 2m, this submodule reduces

soil water holding capacity and could not characterize mechanisms like deep roots assessing
water at depth and hydraulic redistribution between deep anduadace soil layeréBaker

et al., 2008; Poulter et al., 2009)

Second, ED estimate of global soil carbon is lothan the HWSD and shows large
disagreement in spatial distribution at the grid scale. Underestimation primarily comes from
cold regions and biomes. Spatial correlation at theggade between global ED and HWSD

is very low, which is a welknown issue irCMIP5 ESMs(Todd-Brown et al., 2013)Most

ESMs and DGVMs presume soil carbon as a product of-hdRieed litter accumulation and
decomposition primarily controlled by temperature and moisture, however, NPP and soil

temperature could only explain 10% of spatial variation in HWSD. Futurelmode
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development could explore the additional mechanisms of the soil carbon cycle as well as

uncertainties related to empirical soil carbon maps including HWSD.

Third, future model could improve nitrogen cycle by introducing processksling

biological fixation and atmosphergiecompositionandalso by furtheparameterizingnd
evaluatingat global scale. The nitrogen cyslgimodule has been developed in prior

versiors of ED and coded in this global ED model, however, this submodule was deactivated
and rot calibrated in ousimulations.Current submodule contains severaldwground pools

(i.e., structurametaboli¢ slow and mineralizedand decomposition rates vary over time and
space as function of soil moisture, temperature, texture, and-tigimitrogen ratio. The
submodule includes mineralization processes of organic nitrogen from vegetation and
nitrogen loss via leaching, however, other processes susblagical fixation and
atmospheridecomposition are not included, which may result in géropools unable to

each equilibrium.

OQur devel opment and evaluation of gl obal ED de
characterize essential aspects of terrestrial vegetation dynamics and the carbon cycle. This

mo d el has al so bee GoddandtEarth Olzserénd Systeént, \fersibh/ASS A6 s
(GEOSH5) to forecast seasonal biosphatenosphere C£fluxes in 201516 El Nifio (Ott et

al.,2018) and used in NASA6s Carbon Monitoring Sys
modelng estimates for climate mitigation ptang (Ma et al., 2021)Future work will focus

on addressing limitations as discussed above and making direct connections withdgtar

structure observations from GEDI and ICEab improve demographic processes, and the

guantification and attribution of the terrestrial carbon cycle.
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Chapter4Hi ghesol uti on forest car bon
climate mitigation planning over

Abstract

The inclusion of forest carbon in climate change mitigation planning requires the
development of models able to project potential future carbon stecksep beyond
traditionalmonitoring, reporting and verificatiqfMRV) frameworks Here,we updated and
expanded a highesolution forest carbon modeling approach previously developed for the
state of Maryland to t&tates in the Regional Greenhouse Gas Initiative (R@&tain,

which includes ConnecticuDelawareMaine, Maryland Massachusett®New Hampshire,

New Jersey, New YorlRennsylvaniaRhode Island, and Vermont. In this study, we employ
an updated version of the Ecosystem Demography (ED) model, an improved lidar
initialization strategy, and an expanded calibration/validation apprétgh.resolution (90

m) wall-to-wall maps of present aboveground carbon, aboveground carbon sequestration
potential, aboveground carbon sequestration potential gap, and time to reach sequestration
potential were produced over the RGGI domain where airbiolaniedata were available,
including 100% of eight states, 62% of Maine, 12% of New Jersey, and 0.65% of New York.
For the eight states with complete data,area of 228,552 Knthe contemporary forest
aboveground carbon stock is estimated to be 1,133, Band thdorest aboveground carbon
sequestration potential gap is estimated ttalger at 1,770 Tg Clmportantly, these

estimates of the potential for addsbvegrounaarbon sequestration in forests are spatially
resolved, are further partitiond@tween continued growth ekistingtrees and new
afforested/reforested areas, and include time estimatesdlization. Thg are also assessed

for sensitivity to potential changes in vegetation productivity and disturbance rate in response

to climate change. The results from this study are intended as input into regional, state, and
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local planning efforts thatonsider future ainate mitigation in forests along with other land

use considerations.

4.1 Introduction

Over the past decade, terrestrial ecosystems have sequestetiticooieglobal fossil fuel
emissions, with forests especially critical for mitigating climate chaRgedlingsteiret al.,

2019, Paret al.,2011). Initiatives to increase the capacity of the terrestrial carbon sink

through afforestation and reforestation are actively being implemented from local to global
scales (Griscorst al.,2017, Fargionet al.,2018). Such efforts utilize a range of scientific
approaches to quantify forests6é carbon capture
continental level estimates (Depebal.,2008, Roxburgtet al.,2006, Rhemtullat al.,2009).
Higherresolution inform#on on present and potential future forest carbon stocks could

further support policy development and management activities and provide important insights
for climate mitigation planning (CoeRattonet al.,2020, Goldsteiret al.,2020). In

particular, here is a growing need for advanced forest carbon models to quantify potential
future options for additional carbon storage in forests by integrating scientific advances in
remote sensing and modeling (Gitgtsal.,2007, Achardet al.,2007, Hurttet al.,2014,

Reinmanret al.,2020).

To be most useful, forest models should contain multiple features. First, they should be

highly accurate. While the accuracy of future projections is difficult to ascertain by itself,
abundant data exists for the present se@wide range of heterogeneous conditions that can

be used in calibration and validation. Moreover, mapping present and modeling future carbon
within the same framework can help ensure data consistency and maintain logical consistency

between present affidture ecosystem condition estimates. This capability may be
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particularly relevant for carbon budgets, which seek to track emission reductions relative to

established mitigation goals and baselines.

Second, models should be able to quantify forest caabbigh spatial resolution. Lantse
decisions must ultimately be implemented at local scales, as climate mitigation activities for
terrestrial carbon relate directly to land ownership. Furthermore, historical and ongoing
deforestation and degradation latensively fragmented forests and resulted in high spatial
heterogeneity in forest carbon distribution (Haddgell.,2015, Turneet al.,2003, Ordway

and Asner 2020).

Third, models should operate across a range of policy relevant spatial domaidsclu
local, state, regionahnd ultimately national and global scalekdeling across large
domains supports consistent carbon estimates over space and minimizes discrepancies
between jurisdictional estimates, offering greater flexibility for data usesgstem crossing
large spatial domains could particularly benefit mattior collaboratives, which may require

a common scientific approach in support of forest carbon trading and reporting schemes.

Advances in forest ecosystem modeling and remotersgnskr the past two decades offer

the potential to begin to meet these needs. A new generation of forest ecosystem models have
been developed to efficiently track more detailed ecological processes over large spatial
scales (Hurtet al., 1998, Moorcroftet al.,2001, Fisheet al.,2018). In remote sensing,

optical data have increased in resolution, and in combination with Light Detection and

Ranging (lidar) has enabled accurate and-niggolution measurements of forest vertical

structure (Dubayah and Brk e 2 0 0 Dunnedt@IN29144, Draket al.,2002).

Together, these advances have been combined to provide accurate initial conditions for forest

models (Hurttet al.,2004, 2010, 2016, Thomas al.,2008, Antonarakigt al.,2011, 2014).
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In paralkl, these same advances have enabledriegiution empirical biomass mapping

which can provide important baseline maps and be used to validate forest model estimates

(Huanget al.,2015, Huanggt al.,2019, Tanget al.,2021). Operationally, a prototypef this

integration has been developed for and implemented over the state of Maryland (USA),

where the Ecosystem Demography model (ED) was initialized with 1 m airborne lidar forest

hei ght and optical i #toavgpd rl Yot pgoearpébresctoen t *mMpm 6 w
aboveground carbon stocks, future aboveground carbon sequestration potential, and the time

to achieve it in years (Hurét al.,2019).

This study aims to improve and expand the approach to integrated forest modeling and lidar

remote sensingnother order of magnitude, to an important rrstiite region. Here, we

focus forest aboveground carbon stocks and future forest aboveground carbon sequestration

potential over an L&tate region consisting of 10 members of the Regional Greenhouse Gas

Int i ati ve (RGGI ), t he-andtaateipmgrandor CLemissions, plasn dat ed ¢
Pennsylvania, which is expected to join RGGI by 2022. We refer to these states collectively

as the O6RGGI &6 region. The RGGI mesthatofn encompas

Maryland and includes a large gradient of topography, temperature and precipitation.

4.2 Data and Methods

4.2.1 Study area

Thel1-stateRGGI domain of this study encompasaesut281,695 knf of total land area,
including12,542 knmin Connecttut, 5,047 krhin Delaware, 23,187 khin New Hampshire,
2,362km? in New Jersey804 km? in New York,49,977km? in Maine, 25,142 krin

Maryland, 20,202 kfin Massachusetts, 115,883 kim Pennsylvania, 2,678 Knn Rhode
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Island, and 23,871 khin Vermont, respectivelyMaine,New Jersey and New York land area

is only partially included because of limited lidar coverage over these states.

Therearefive US EPA level llecaegionsincluding Mixed Wood PlainsSoutheastern USA
Plains Ozark, Ouabita-Appalachian Forestdississippi Alluvial and Southeast USA
Coastal PlainandAtlantic Highlands Across the domainhe annual average temperature
ranges from1.4°C to14.4 °C, totalannualprecipitation ranges from 795 niynto 2,178
mnvyr. Mostof this area belongs the Appalachian Highlands wittenseorest,and he
Atlantic CoastalPlain, which is generally flat and loin elevation. Elevation ranges from sea
level to 1,917 m avlount Washingtorin the state oNew HampshireDominant forestypes

are deciduous forests (i.e., maplkeechbirch, oakhickory and aspebirch).

Similar to most of the eastern US, forests inRIt&GI region were intensively cleared for
agricultural expansion by the mi®" century, with partial reforestation and restoration after
agricultural abandonment and westward relocation. In the mid to [8teePury, significant
loss and fragmentation occurred due to urbanizafisra result, landoverin the RGGI

region is comprised of 59% forests and 16% cropland and pasture according to the 2011

National Land Cover Dataset (NLCD).

All states in the region hareenhouse gd&HG) reductiongoals based on state legislation

or gubernatoriaflirectives. While the states aradively pursuing efforts in support afimate

mitigation, the degree to which forest carbon is currently included in climate planning is

highly variable (Lambet al.,2020). Tenof theelevenstates irthe studydomain are

members of the US Climate Alliaa (USCA) (excepting New Hampshire) and currently
participate in the USCA®G6s Nuatich amrmits stadeatd Wor ki ng

integrating priority actions and pathways for lavased carbon into state GHG mitigation
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plans Furthermore,eamembe s of t he NASA Car bonStMonitor.i
Working Group all eleven states have signakbeainterest in better utilizing advanced tools

and technologies to better estimate forest carbon stocks and fluxes.

4.2.2 Model

This study uses the ED model which is an indiviehased prognostic ecosystem model. By
integrating submodules of growth, mortality, hydrology, carbon cycle and sail
biogeochemistry, ED can track plant dynamics including growth, mortality and reproduction
Along with plant dynamics, ED can track the carbon cycle, including carbon uptake by leaf
photosynthesis, carbon allocation to biomass growth in leaves, roots and stems, carbon
redistribution from plants to soil based on plant tissue turnover from dimats pue to

mortality and disturbance, carbon decomposition in various pools (metabaolic litter pool,
structural litter pool, soil slow pool, soil passive pool, wood product pool, harvested crop
pool, etc.) as well as carbon combustion from fire. Ovelatbtetwo decades, ED has been
continuously developed and combined with lidar and-asel change data to predict

ecosystem dynamics and associated water and carbon fluxes across spatial scales (e.qg., site,
regional and global) and temporal scales (steonh seasonal to loaterm decadal and

century) (Hurttet al.,2002, 2004, 2010, 2016, Fiskal.,2013, Flanagast al.,2019). ED
distinguishes itself from most other ecosystem models by explicitly tracking vegetation
structure and scaling firgcale physiological processes to lasgale ecosystem dynamics
(Hurtt et al.,1998, Moorcroftet al.,2001, Fisheet al.,2018).In ED, vegetation structure

(e.g., height and diameter at breast height) and physiological processes (e.g., leaf
photosynthesis and phenology) are modelled at the individual scale, where individual plants
compete mechanically for light, water and nutrseriixplicitly modeling vegetation height

facilitates a potential connection to lidar data. The most advanced version of ED was used in
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this study and it has been recently calibrated and evaluated globally by various benchmarking
datasets such gross primgmpductivity (GPP), leaf area index (LAI), aboveground biomass

(AGB), and net biome productivity (NBP) (M al.,202M).

4.2.3 Data

4.2.3.1 Model drivers

Meteorological variables used to drive EBme fromNASA Daymet available from 1980 to
2017 at ddy temporal resolution and 1km spatial resolutfdhorntonet al.,2016, and
MERRAZ2, available from 1980 to 2017 at hourly temporal resolution andsp&tial
resolution(Gelaroet al.,2017) As EDrequireshourly meteorological variables to compute
leaf carbon assimilation and transpiration, the climatokbapa from Daymetvas
interpolated to hourlynetricsusing the MERRAZ2 climatology. Specifically, hourly air

temperature, humidity and shortwave radiation were calculesieg following equations:

% % Yi o Y 5 Y g (4.1)
0 Lhiq . 42

el Ul (4.2)
Y Boya i (4.3)

h

Where'Y ; ,'Q  and"Y® ;; are MERRA2 air temgature, air humidity and shortwave
radiation at hour (hr), respectivel§dI ; and"Y® ;; are MERRAZ2 daily average air
humidity and shortwave radiation, respectwelY  and”Y j are MERRA2 daily
maximum and minimum air temperagyrespectivelyd  and"Yw j are Daymet daily
average air humidity and shortwave radiation, respectively,¥nd;, and“Y j are

Daymet daily maximum and minimum air temperature, respectively.
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CO, concentration was held constahB&0 ppm both spatially and temporally, a value near
the middle of the C&range between 1981 and 20Kéeling 2008) Physical soil and

hydraulic property inputs are from Probabilistic Remapping of SSURGO (POLARIS)
(Chaneyet al.,2016) and CONUSOIL (Miller and White 1998)The POLARIS dataset
remaps the SSURGO database and fills gaps using a machine learning model-and high
resolution geospatial environmental data. The soil water module of ED calculates water
content and percolation rate based on stdraydraulic conductivity, saturated water

content and Van Genuchten water retention curve parameters from POLARIS and depth to

bedrock data from CONUSOIL.

The annual average air temperature, antoial precipitationfrom NASA Daymetand soil

depthfrom CONUSSOIL are shown irFigure C.2.

4.2.3.2 Canopy cover and height

ED was nitializedwith canopy height and tree canopy cor@&ps to generatoveground
biomass (AGB). The canopy height map was derived fronmdidar Canopy Height Model
(CHM) (Od N eDurineet al.,2014a, 2014b)Utilizing suggested height metrics frdturtt et
al.,20land ED6s native 10 mCHMwasfirstaggreagatedtmmdy scal e,
by extracting the max canopy height and then averaging mo @@reafter referren aslidar
canopy height The tree canopy cover map was deriusihg objectbased approach that
integrated the lidar data and mespectral optical images frothe National Agricultural
Imagery Program (NAIP). NAIP opticahageswith 1 m spatial reslation was first

classified as tree cover in conjunction with lidar canopy height, and then aggregated to 90
( O 6 Noannéet al.,2014a, 2014b)The lidar canopy height and NAIP tree canopy cover at
90 m resolution are shown igure4.1, with lidar acquisition year shown kigure C.24.

Lidar and NAIP data were available for 0.65% of New York, 12% of New JeB28y of
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Maine andl00% ofConnecticut, Delaware, Maryland, Massachusetts, New Hampshire,
Pennsylvania, Rhode Island and Verm@pecifically, lidar and NAIP data cover the New
York counties of Bronx, Kings, New York, Queens and Richmond as well as the New Jersey

counties of Morris, Susseand Warren.

Figure4.1 90 m lidar canopyeight (a) and NAIP tree canopy cover (b) over the RGGI
region. Using a sample region in New Hampshire(li¢)llustrate the process of 90 m lidar
canopy height and NAIP tree canopy cover generation, where (e) and (h) are lidgr canop
height and NAIP a@il imagery at 1 m resolution; (d) utilizes (e) to identify the maximum
lidar canopy height over 10 m land cells; (g) is NAIP tree canopy classification of (h) at 1 m.
(c) and (f) are derived by averaging (d) and (g) respectively to 90 m resolution.

4.2.33 Land cover

Landcover ofnonforestedwetland, inland water, and impervious surface was excluded from
the analysis. Specificallyand-cover types of open water andrbaceous wetlarid NLCD

2011 wereaggregatedrom 30 mto 90 m by counting the percentage of each Jamer type,
andPercent Developed Imperviousnas$NLCD 2011 was aggregated to 90 m by averaging

the related 30 rfraction (Jinet al.,2013, Xianet al.,2011). Therthe aggregated 90 m data
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was used to proptionally exclude water, wetland ampervious surfacéom each land

cell.

4.2.4 Model Initialization, Projection and Evaluation

This study generally follows the initialization and projection approach used indtattf

201, but proposes a modificati to the initialization method (here defined as weighting
based initialization method) to improve AGB estimates wherarieidelled canopy height
saturates. Full details of this initialization and projection process can be foApgémdix

C.1. We simulate ecosystem succession from bare ground to mature forest by running the
ED model for 500 years with meteorology, £40d soil properties as inputs (described in
sectiond.2.3.1). This model run generated a gridded lookup table that stores setie®
trajectory of AGB and canopy height over the course of succession for eache®d cell In
postpr ocessi ng, AIadgbtdookapttable wad thek @GiBalized and projected

with maps of lidar canopy height, NAIP canopy tree cover and NLCD imperfractson.

ED initialization combined the stored lookup table with lidar height and tree canopy cover to
estimate contemporary aboveground biomass (hereafter referred as ED initialized AGB). The
ED initialized AGB represents tlmresentaboveground carboriaek of existing treeat the

time of lidar acquisitionandit sets the successional baseline for future carbon sequestration.
ED then projections AGB growth from ED initialized AGB to the maxinpotential AGB

based on current meteorology, £&hd soil poperties for every 9tn land cell This

projection does not reduce current impervious surface area, nor does it considexeland
change projections or local laws restricting areas for afforestatieiorestationFuture

carbon sequestration was calted from both the continued growth of existing trees, as

identified by the NAIP canopy cover map (hereafter referred as continued growth), and newly
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reforested or afforested trees, as simulated on any proportion of the 90 m grid cell not

otherwise covered by impervious surface, open water, or herbaceous wetland (hereafter

referred as regrowth). Following Hugt al.,201%, several projectionelatedmetrics were

defined: 95% of the future maximum AGB the land can reach was defined as the carbon

sequestration potential (CSP), the difference between CSP and ED initialized AGB was

defined as carbon sequestration potential gap (CSPG), the time in yparsd¢o reach CSP

from present AGB was defined as carbon sequestration potential time gap (CSPTG). ED

initialization and projection processes were only completed for areas where lidar canopy

height and NAIP tree canopy cover data were available (Set8dh?2). Note that this

studyds projections of CSP, CSPG and CSPTG onl

is observable component of forest carbon from lidar remote sensing.

ED initialized AGB was directly validated using aboveground live biomassasss from

US Forest Service Forest Inventory and Analysis (FIA) plots (hereafter referred to as FIA
plot AGB). For this study, 4,84FIA plots were extracted from the FIA database based on
three criteria: (1) geographically located within RGGI regiomahdin; (2) estimates were
reported within period of 2004 to 2015; and (3) sites are in forest condition and with AGB
larger than zero. For each FIA plot, all overlappingr®and cells of ED initialized AGB

were averaged to compare against FIA plot AGEat&l mismatches between FIA plots and
ED initialized AGB may affect evaluation, especially in highly fragmented forest, because
the FIA plot footprint (about 0.4 ha) is smaller than the land cell size of ED initialized AGB

maps (about 0.8 ha).

ED initialized AGB was also compared to wadtwall AGB maps including AGB estimated
from lidar-informed empirical model@Huanget al.,2019, Tanget al.,2021), hereafter as

Lidar empirical AGB andto other existing AGB product@lackardet al.,2008, Saatchat
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al., 2012, Kellndorferet al.,2013, Wilsoret al.,2013, Santoret al.,2018) These waklto-

wall AGB maps vary widely in terms of input data, modeling method and spatial resolution.
However, comparison to these maps allowed for further evaluatioD ofitalized AGB

over regions with a lack of FIA plotsith trees measureduch as nofforested areas, and
allowed us to examine the efficacy of using higholution (Im) lidar and NAIP imagery

data to capture finscale AGB heterogeneity.

4.3 Results

4.3.1 ED Initialization and evaluation

ED initialized AGB is shown iffrigure4.2a.The AGB spatial pattern corresponds well to
landcover, lidar canopy height and topography. Generally, high 8¢Brsin mountainous
areasalong the Appalachians Mountaimswestern Marylandnorthcentral Pennsylvaniand
southern Vermont and New HampshirewL AGB occursin populated and cultivated areas
such asastern Maryland, souttastern Pennsylvaniaost of the Atlantic Coastal Plain
eastern Massachusetts, and@mmnecticut River ValleyTable4.1 summarizes\aerage

AGB densityand aboveground carbon stocks from ED by state. Southern states such as
Maryland, Delaware and Pennsylvania have relatively lower AGB densities (< 100 Mg/ha)
than the New England statekist pattern was also identified by inspection of the NAIP
imagery. Aboveground carbon stock in the RGGI region is estinaetécld Tg C for
228,552 km, excluding the states of Maine, New York and New Jersey because of their

partial coverage of lidar andAIP data.

Table4.1 Statewide average NAIP tree cover, average AGB density and carbon stocks of ED
initialized AGB, as well as CSP, CSPG and average CSPTG for the states of Connecticut,
Delaware, Maryland, Massachusetts, New Hampshire, Pennsylvania, Rhode Island and
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Vermort.

NAIP Tree _ED Initialized AGB _ CsSP _CSPG CSPTG
Canopy Density  Stocks Density Stocks Density Stocks (yea)
Cover (%) (Mg/ha) (TgC) (Mg/ha) (TgC) (Mg/ha) (TgCQC)
Connecticut 68.8 119.2 75.4 247.2 156.3 139.8 81.3 231
Delaware 35.8 43.7 11.1 251.8 64.0 212.6 53.0 292
Maryland 48.8 80.1 101.7 270.0 343.1 2035 2421 262
Massachusetts 69.7 111.2 114.1 221.3 227.0 121.6 113.6 229
New Hampshire 85.5 133.8 156.5 224.6 262.7 100.9 107.2 207
Pennsylvania 63.7 90.7 528.1 265.8 15475 183.8 1022.0 279
Rhodelsland 69.5 111.8 15.3 237.0 32.4 134.0 17.2 242
Vermont 79.6 109.7 131.8 225.6 270.9 122.4  139.7 246
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Figure4.2 RGGI region maps of (a) ED initialized AGB; (b) CSP; (c) CSPG, defined as the
differencebetween CSP and initialized AGB; (d) CSPTG, defined as time in years to reach to
carbon sequestration potential from initialized AGB.

ED initialized AGB correlates with AGB from FIA plots and lidar wathwall maps at grid
level comparisonKigure4.3). Using over 4,000 plotssigures4.3a and b suggest that ED
initialized AGB explains moderate variations in FIA plot AG® of 0.35), and also shows
close alignment with the 1:1 line with a bias &ZMg/haand RMSE of 61.87 Mg/ha
Relatively stronger agemenis shownin Figures4.3c and d, wittcomparisorof ED tolidar
empirical AGRB there was &igher R of 0.85 and smaller RMSE d9.54Mg/ha. The
comparison of ED to walio-wall lidar empirical AGB includes an expansive spatial domain

(about34.9million 90 m land cell} as well as notfiorest area not otherwise sampled by FIA
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plots with measured trees. Despite the overall high correlation between these two maps, ED
initialized AGB differs from lidar empirical AGB for larger EBased AGB (> 200 Mg/ha)

where there are fewer lidébased AGB estimates above 200 Mg/ha. Further comparison of
lidar empirical AGB to FIA plot AGB irFigureC.3 indicates hatlidar empirical AGBis

likely to underestimate AGB/here estimates exce280 Mg/ha.ED initialized AGB using

the midpoint method is also compared to FIA plot AGBAgureC.4, which showdarger

RMSE and bias than the weightibgsed method iRigures4.3a and b. Comparison between
Figures4.3ab andFiguresC.4ab highlights the impreements gained by using the
weightingbased method, such as increasedatelationbetween ED initialized AGB and FIA

plot AGB and correction for theverestimatiorof AGB after height saturation.
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Figure4.3 Density scatter plots and histograms comparing ED initialized AGB to FIA plot
AGB in (a) and (b), and to lidar empirical AGB in (c) and (d) for all 90 m land cells. For (a)
and (b), the corresponding ED initialized AGB is obtained by averaging or@fimalED
initialized AGB over overlapping land cells within the bounded circle area of four FIA
subplots (about 40 m in radius).

ED initialized AGB was also compared to the lidar empirical AGB and existingtavalall

AGB maps at both the state and countsels. Figuret 4 illustrates that, at county level, ED
initialized AGB has relatively more agreement (i.e., RMSE and bias) with lidar empirical

AGB, NBCD (Kellndorferet al.,2013), Saatchét al.,2012 and GlobBiomass (Santarbal.,

2018) than with the Blackamt al.,2008 and Wilsoret al.,2013 maps. Stronger correlation

among datasets can be found when comparing carbon stocks rather than average densities at
the county level. Aboveground carbon stocks at the state level (#.apkelso show closer
agreement among ED initialized AGB, lidar empirical AGB, NBCD, Saatchl.,2012, and
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GlobBiomass. Aboveground carbon stock from ED initialized AGB is estimated as 1,134 Tg
C in the RGGI region (excl. Maine, New Jersey and New Yedabse oincompletelidar

and NAIP data coverage), which is within range of other AGB maps (939 ~ 1,152 Tg C).

County Average County Total

R2 = 0.88, RMSE = 14.1, Bias = -2.6 351 R2 = 0.96, RMSE = 1.2, Bias = -0.1

200

175

100 . : .2l ,

ED initialized AGB (Mg/ha)
ED initialized AGB (Tg C)

y O
© Uidar Empirical S

NBCD (FIA) (Kellndorfer et al 2013) e
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Figure4.4 Comparison of ED initialized AGB to lidar empirical AGB and existing AGB
products, including NBCD (Kellndorfeat al.,2013), Saatchét al.,2012, GlobBiomass
(Santoreet al.,2018), Blackargkt al.,2008, and Wilsort al.,2013, for countywide (a)
aveilage AGBdensity and (b) carbon stocks.

Table4.2 Statewide aboveground carbon stocks (Tg C) estimated by ED initialized AGB,
lidar empirical AGB, and existing AGB products, including NBCD, Saadthil.,2012,
GlobBiomass, Blackardt al.,2008 and Wilsoret al.,2013. Superscripts represent deviation
degree between ED and other AGB products. ¥ malicatesthat the estimate is greater than
ED initialized AGB, the * indicates that estimate is lower tHaD initialized AGB. The
number of +/* symbols next to each estimadpresert the relative difference at the intaty
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of 0-10%, 1620%, 2030%, 3040%, 4050%.Fa example, ***/+++ represents either-20
t0 -30% or 20to 30% difference from EDnitialized AGB

ED Lidar_ _ NBCD (FIA) Saatchi GlobBiomass Blackard Wilson et
State Initialized Empirical (Kellndorfer et al,, (Santoroet etal., al 2013

AGB (Tg AGB(Tg etal.,2013 2012 al., 2018)(Tg 2008 (TaO)

C) C) (Tg C) (TgC) O (Tg C)
Connecticut 75.4 71.9 71.9 53.57 66.4" 50.6™ 54.3"
Delaware 11.1 12.8* 10.8 11.2 13.0* 8.1™ 11.9
Maryland 101.7 101.7 81.3" 87.3" 98.7 64.9™ 79.7"
Massachusetts 114.1 110.3 111.7 82.0" 111.0 80.9" 87.8"
New Hampshire 156.5 149.3 150.0 120.8" 151.8 138.7 126.6"
Pennsylvania  528.1 560.8 548.8 561.4 550.4 453.7 474.0°
Rhode Island 15.3 15.17 12.07 10.6™ 13.7° 9.0™ 9.5™
Vermont 131.8 130.4 139.6 116.6" 138.0 134.0 119.3

4.3.2 ED Projection otarbon sequestration potential

The EDprojected CSP for the RGGI regigshown inFigure4.2b. The spatial pattern of
CSPmore generally reflects the heterogeneity of environmental conditions rather than current
landcover. Areas of higher sequestration potential tend to appear in regions with deep soil or
warmer air temperatus€Figure C.2). For example, warmexir temperatirestogether with

deeper soil itentralMaryland and soutieastern Pennsylvaniasultin larger sequestration
potential estimates than other areasf the regionRelatively cooler air temperatures in the
White Mountains lead to lowesrequestratiopaentials in northeastern Vermont, northern

New Hampshire and western Maifde statewideotal aboveground CSR estimated at

156.3 Tg C in Connecticut, 64T@ C in Delaware343.1Tg C in Marylang 227.0 Tg C in
Massachusetts, 262.7 Tg C in New Hampshl547.5Tg C in Pennsylvanija32.4 Tg C in

Rhode Island and 270.9 Tg C in Vermddtatewide CSP of Maine, New Jersey and New

York is not reported here because of their incomplete lidar and NAIP data coverage.
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The projected maps of CSPG and CSPTG avevshin Figure4.2c and4.2d, indicating

strong spatial variation across the RGGI region. As expected, large sequestration gaps and
longer sequestration time gaps generally appear where present AGB is low, such as in eastern
and central Maryland, southeast®ennsylvania, and southeastern Maine. Relatively smaller
gaps are located in northcentral Pennsylvania and western Maryland, most of Rhode Island,
Connecticut, Massachusetts, Vermont and New Hampshire. Statewide average CSPTG
ranges from 207 to 292 yeaand correlates to the relative fraction of CSPG to CSP. The
longest and shortest CSPTG appear in Delaware and New Hampshire, respectively.
Statewide, Delaware is currently at 1/5 of its aboveground carbon sequestration potential,
Maryland and Pennsylvanare at about 1/3, Rhode Island, Connecticut, Massachusetts,
Vermont and New Hampshire are at about 1/2. The relatively larger CSPG in Delaware is
likely due to its low tree cover and young forest. As Tdhleindicates, Delaware has the

lowest tree coer (i.e., 35.8%) in the region, less than half that of highly forested states such

as New Hampshire and Vermont. Despite substantial crop abandonment in 2008 and 2016
(Lark et al.,2020),tree cover in DE is only 30% lower than the adjacent state of Matyla

but its AGB density is only half that of Maryland. This difference implies that Delaware

forests are younger. The CSPG is also stratified by continued growth areas and regrowth area
for each state (shown Figure4.5) and each county (shownhkigureC.8-C.15). The

stratification inFigure4.5 indicates that large gaps are primarily located in regrowth area for
Maryland, Delaware and Pennsylvania, but primarily in continued growth areas for the other

Six states.
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Figure4.5 CSPG over areas with continued growth (green) vs that over regrowth (red) in
Maryland, Delaware, Pennsylvania and Rhode Island, Connecticut, Massachusetts, Vermont,
New Hampshire and part of Maine.

In addition toabovegroundarbon squestration potential, we also project the potential future
growth trajectory of aboveground carbon. Figd@a showghe potentiabnnual

aboveground carbon stock from present to 300 years in the future for each stdtéb and
corresponding maps gbtential AGB in years 2050, 2100, 2200 and 2300, respectively. The
relative contribution of AGB from continued growth and regrowth varies by state. For
example, the contribution of regrowth to newly gained AGB by 2300 is 46.3% in
Connecticut, 70.7% iDelaware 65.9% inMaryland 43.0% in Massachusetts, 26.1% in

New Hampshire, 51.1% iRennsylvania35.9% in Rhode Island and 34.9% in Vermont.

Delaware has the highest contribution from regrowth among all states; the second and third
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highest contributions arin Maryland and Pennsylvania, respectively. In contrast, continued
growth is the largest contributor to the aboveground carbon stocks in all other states. Annual
estimates of aboveground carbon stocks from present to 300 years for each county in the
RGGI region (except Maine, New Jersey and New York) can be fouRidjimesC.16-C.23,

and countylevel aboveground carbon stocks in 2020, 2030, 2040 and 2050 are summarized

in tablesC.1-C.8.
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Figure4.6 ED potential AGB from present to 300 years in the future. Blue line in (a)
represents statewide annual aboveground carbon stocks for Maryland, Delaware,
Pennsylvania and Rhode Island, Connecticut, Massachusetts, Vermont and New Hampshire.
The four numberalong each curve correspond to the stock value at years 2050, 2100, 2200
and 2300. Corresponding maps of AGB density are also mapped in (b). Green and yellow
lines in (a) represent the relativentributons of continued growth and regrowth to the

carbon socks.

Projections ofCSP and CSPTa@re further assessed for sensitivity to changéseirPrimary
Productivity (NPPRand disturbance rat@s an examplefigure4.7 examines how the

average CSP and CSPTG across Maryland, Delaware and Pennsylvaniapggticart
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account for 50% the land area in the RGGI region, respond to different NPP and disturbance
rates. As expected, averaged CSP and CSPTG of Maryland, Delaware and Pennsylvania are
generally proportional to NPP and inversely proportional to disturba&tigh CSP and

CSPTG appear at high NPP but low disturbance, representing conditions where a forest may
gain carbon quickly and lose less of it over time to disturbance. In contrast, low NPP and high
disturbance result in low CSP and CSPTG because ofvingl@aarbon sequestration rate and

high losses due to disturbance.
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Figure4.7 Sensitivity of average CSP and CSPTG over the states of Maryland, Delaware and
Pennsylvania in response to percent changBid and disturbance rate. NPP and
disturbance rates are changed from b0%0% at an increment of 20%.

4.4 Discussion

Forests play a crucial role in climate mitigation. Avoided deforestation, improved forest
management and reforestation could providefthimls of the coseffective naturédased

climate mitigation needed to hold warming to below 2 °C (Grisebai.,2017), with the
regrowth of natural forest the single largest natural climate solution both globally and within
the United States (CodRattonet al.,2020, Fargionet al.,2018). In this context, accurate

high-spatial resolution estimates of the potential for additional aboveground carbon
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sequestration in forests is needed. This work combined advances in ecosystem modeling and
remote sensing testimate present forest aboveground carbon stocks and project future forest
aboveground carbon sequestration potential at 90 m resolution across the eleven states in

RGGI region, including 34.9 million 90 m land cells over an area of 283,080 km

The RGGIregion has large aboveground carbon sequestration potential gap compared to its
present aboveground carbon stocks. We found that present AGB stocks in Delaware are at
onefifth of the potential, Maryland and Pennsylvania are attbird, Connecticut,

Massachusetts, New Hampshire, Rhode Island and Vermont are at about half. The significant
gap between present AGB and aboveground carbon sequestration potential provides
opportunities for regional climate mitigation. Maximum potential gains in AGB by 2050

would be 21.2 Tg C in Connecticut, 13.8 Tg C in Delaware, 28.0 Tg C in Massachusetts, 64.2
Tg C in Maryland, 26.6 Tg C in New Hampshire, 257.7 Tg C in Pennsylvania, 4.2 Tg C in
Rhode Island, and 32.0 Tg C in Vermont. Together, these eight states havertialgote

gain an additional 209.1 Tg C through continued growth of existing trees and 238.6 Tg C
through regrowth of new trees. The average annual sequestration rate (i.e., 11.5 Tg C/yr) is
equivalent to 9.6% of t hesaemssiogdhbetwesnt28iles d aver
2017 (i.e., 119 Tg Cl/yr) according to US EPA fossil fuel combustion inven{t/i€s
Environmental Protection Agency 2013he high spatial resolution underlying these region
wide estimates may help decisiorakers prioritize aras for reforestation. For example, this

work indicates that counties of Lancaster, Crawford, Bradford, Washington and York in
Pennsylvania, Sussex in Delaware, and Coos in New Hampshire, where the CSPG is over 20
Tg C have exceptionally high potentialgain additional forest aboveground carbon. These

counties with the high CSPG vary in terms of dominate land cover type. The six
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Pennsylvania and Delaware counties are predominately pasture and cropland, whereas the

New Hampshire county is mostly forest.

Historical and present lange activities and natural disturbamaeresultedn a diverse
landscape of heavily fragmented forest, mixed with-fuast patchesWhile this land cover
matrix poses a great challenge for biomass mapigstudyincorportesforest structure

data as detailed as 1 m spatial resolution to address this challenge. To illiseatar¢as
representing typical forest, residential and agricultural area were chosen as examples. NAIP
aerial imagery irFiguresC.5, C.6 andC.7, respectively show a forested area as a mixture of
trees and gaps (black shadows), a residential area as a mixture of houses and trees along
roadsides and backyards, and an agricultural area as a mixture of cropland and scattered trees.
Across all three hetogeneous landscapes, treed versudnmanareas are easily identified

using highresolution (1 m) lidar canopy height and tree cover classification. The resulting
variations in AGB are consequently well captured in ED initialized AGB and lidar empirical
AGB estimates. These firscale detailed maps also identify a substantial amount of land
carbon being stored in trees that are scattered acrodsneshareas, which emphasizes the
importance of trees outside of forests to regional and global carbgetis(fduanget al.,

2015, Zomeet al.,2016, Chapmast al.,2020, Spawret al.,2020) These higiresolution
capabilities are incredibly valuable for carbon modeling and climate mitigation planning

across regions with strong AGB spatial heterogeneity.

This study expands the previous carbon modeling system prototyped for the state of
Maryland (Hurttet al.,201%) to a larger domain using an updated version of the ED model
and an improved initialization method. We compared new results to prior results for MD,
where both studies used the same lidar canopy height and NAIP tree cover data inputs for

initialization. This study yields comparable estimates to Hetr#l.,201%. In particular, our
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results concur with Hurtt al., 20196 s spati al pattern of sequestra
sequestration gap. For example, the Maryland counties of Frederick and Baltimotleehave

largest CSP (>25 Tg C) in both studies. Further, this study shows agreement with the location

of Marylandds | argest aboveground carbon stock
Charles, Baltimore, Allegany and Frederick counties, respectively. ugthour study

includes woody wetland, we have excluded it here to provide a direct comparison tet Hurtt

al., 201%. This study projects total CSP in Maryland as 304.0 Tg C, which is within 3.5% of

CSP estimates in Hurdt al.,201% (314.8 Tg C). Therare, however, differences in

contemporary aboveground carbon stock estimates between this study ared &lu&01%b;

this study estimates Marylandés present carbon
than Hurttet al.,201%. The possible caes for this difference in present aboveground

carbon stocks include different model driver inputs (e.g., soil depth, air temperature etc.) as

well as the change in initialization method. The weightiaged initialization method in this

study corrects ovestimation at high AGB area and yields improved correlation with FIA

plots. For example, switching the initialization method used in this study back to the prior

method results in an estimate of aboveground carbon stocks of 94.7 Tg C, implying about

40% ofthe difference may be due to the initialization method.

We also compared our estimates of natural forest regrowth rate with a recent global estimate
from CookPattonet al, 2020, which combines field measurements across-iolmes and
environmental caariates to produce a globakin map of potential AGB growth rates for

the first 30 years of natural forest regrowth. We averaged the potential aboveground carbon
growth rate between 5 and 30 years to align with c@atton et al. Average growth rates

acrass the RGGI region are similar between this study and -Padtton et al, at 0.96 Mg

C/ha/yr and 1.05 Mg C/halyr, respectively. Spatial comparisons are shéiguiaC.25.
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We find that absolute differences for more than half of all land area (59.2%glave®30

Mg C/hal/year, with 40.5% within 0.20 Mg C/ha/yr and 20% of land area within 0.10
Mg/C/halyear. Figur€.26a shows the average potential growth rates stratified by soil depth,
suggesting the strong dependence of AGB growth on soil depth in EDalMashas a soil

depth between 100cm and 160cm, and the two carbon estimates are closest at this depth
range. Thd-igureC.26b shows ED potential growth rates as a function of stand age,
suggesting the growth rate varies with age during the first 30 geaedural forest regrowth.
This nonlinear age dependence is included in ED estimates but not irfP@tioket al.,

2020.

Understanding uncertainty sources is essential to applications of our estimates of climate
mitigation potential and also to providesights into subsequent modeling development.
Uncertainties regarding the estimation of present aboveground carbon stocks arise from ED
drivers and initialization inputs. First, due to lack of available meteorology datasets with both
high spatial and tengpal resolution, the meteorological driver is interpolated by both fine
spatial resolution (Daymet) and coarse spatial resolution (MERRAZ2) data products. Imperfect
interpolation, inherent mismatches between two meteorology products or underlying
uncertaintes within them may propagate errors to ED estimates. Second, in this study, ED is
run with average meteorology and £ével between 1981 and 2017 despite temporal
variability and positive increasing trends. Some states may also have lower disturbemce rat
than the spatially constant value used in ED (1.2%. yfithese factors may jointly lower

AGB growth rate and aboveground carbon sequestration potential, especially if these average
rates change over time. Third, the uncertainty associated with matialn inputs is

inconsistent acquisition times of the lidar canopy height data. Our lidar data comes from
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acquisition between 2004 to 2018, and some archived lidar data may have less sampling

density than others (Huamrg al.,201%, Tanget al.,2021).

Uncertainties regarding the estimation of future forest carbon stocks arise from future climate
change, C®levels, and the disturbance regime. Future climate change and continued
increases in Cgevels will likely have complicated impacts on vegetatioowgh. For

example, field experiments found that increasing €ald enhance tree growth indicating

more carbon will be sequestered (Norby and Zak 2011, Waellkar,2019). However, faster
growth may also accelerate harvesting events, reducing tree longevity, and resulting in less
carbon residence time in trees (Korner 2017). Warming could also lengthen growing seasons
and in turn enhance annual vegetation grdManzel and Fabian 1999however, it may

also inversely increase evapotranspiration and autotrophic and heterotrophic respiration
(White et al., 1999, Piacet al.,2008, Crowtheet al.,2016), decrease soil moisture and

increase fire risk (Westerlingt al.,2006). Additionally, future disturbance is likely to

increase as warming continues. Warmer and drier conditions facilitate disturbance related to
fire, drought and insect outbreaks and decrease disturbance related to snow and ice, while
warmer and wettezonditions increase disturbances from wind and pathogens €5eaid|

2017). Given the unclear net impact of climate change and lack of climate change scenarios
harmonized at high spatial resolutions, this study does not explicitly consider changes in
future climate, C@and disturbance, but alternatively investigates how potential alterations in

NPP and disturbance rate could propagate to estimates of future carbon sequestration.

Finally, this study has focused on forest aboveground carbon stocks fEsempto future.
The work has capitalized on the qualitative advances in data and modeling of aboveground
forest structure, and focused on producing new-héglelution estimates of above ground

carbon that are most directly related to these measurenmehtdsa important for policy.
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This work does not yet include other forest carbon pools such as soil carbon or wood
products, nor the dynamics related to forest management (Bietls€y2006, Lippkeet al.,
2011). Our projections of CSP and CSPG are tlservative underestimates of
ecosystembs total car boetals2@2a,)2920b)raadtfutueen pot ent i
work could build off these advances above ground to address these other components.
Looking ahead, the forest carbon modeling approgel in this study is currently being
expanded to US CONUS and global domains and to include soil carbon and associated
carbon fluxes. Key to expanding this workos sp
remote sensing to orbital observations. Dedpigeedemonstrated capability of 1 m airborne
lidar data to capture fingcale heterogeneity, leveraging this existing data at national and
global scales encounters several challenges, including incongistenstrument quality and
acquisition time as Wieas limited spatial coverage. New airborne lidar collection can also be
expensive. Future work should utilize satelli@sed forest structure measurements from the
ongoing NASA missions of Global Ecosystem Dynamics Investigation (GEDI) (Dulgyah
al., 202(), Ice, Cloud, and land Elevation SateHR€ICESat2) (Markuset al.,2017) and
Landsatbased tree cover from Global Forest Change dataset (Hansky2013). Key for

the inclusion of soil carbon will be sufficient data to constrain model est$naand account

for the effects of disturbance and land use history. Relevant soil carbon inputs include the
Harmonized World Soil Database (Wiedgral.,2014) and SoilGrids250m dataset (Heeg|

al., 2017). Relevant products for disturbance and landissery include the Global Forest
Change dataset (Hansenal.,2013), the North American Forest Dynamics dataset (Goward

et al.,2016), and the Land Use Harmonization 2 dataset (lduait,2020).
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Chapter5Demonstrative use of spaceb
( GEDI / I-X)ESiant t he Ecosystem Demog

Abstract

Characterizing terrestrial carbon dynamics with processsgd models is important for

climate mitigationput can involvehigh levels of uncertainty regarding current forest

conditions Accurate representation of contemporary forest structure and carbon storage
within processedbased modelis critical for estimating realistic sheitrm and longerm
carbondynamics. Two recent NASA spaceborne lidar missions, Global Ecosystem Dynamics
Investigation (GEDI) and ICE, Cloud, and Land Elevation Satellite 2 (ICERate offering

an unprecedented volume of forest structure observations on a global scalesturdhisve
explore and assess the potential for these emergent lidar observations to improve estimates of
initial forest conditions within ecosystem models. Here, we specifically initialize a process
based ecosystem model (Ecosystem Demography (ED) modef)laresolution using

global estimates of forest canopy height derived from GEDI and ICESbs$ervations.
Compared to previous global ED results from Chapter 3, AGB estimates from the initialized
ED show enhanced spatial heterogeneity, capturingteffiemm fine scale disturbance,

logging, and deforestation. Evaluations against FIA plot data from US Forest Service show
favorable results, with an average bias lower than at 10 Mg/ha. The results of this study
demonstrate the promising value of combirgpgceborne lidar observations in ecosystem

modeling.

51 Introduction

Observing, understanding, and predicting terrestrial carbon dynamics is essential for

supporting climate change mitigation policy and planrfdgnadell and Raupach, 2008;
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Keenan and \Mliams, 2018; Schimel et al., 2015; Tharammal et al., 2019; Xiao et al.,.2019)
Ecosystem models, especially proebased models, have demonstrated their value for
studying largescale interactions and consequences of underlying ecological processes, and
making projections of future carbon dynamics under climate change and land use change
(Ahlstrom et al., 2012; Quesada et al., 2018; Sitch et al., 2Bl@®)ever, results from current
ecosystem models can be highly uncertain, due in part from a lackwfate information on
contemporary forest conditions, particularly regarding forest age and carbonBesingrd

et al., 2018; Houghton et al., 2009; Mitchard et al., 2013; Pregitzer and Euskirchen, 2004)
Concurrently, remote sensing technologies hapédly advanced offering observation data at
increased temporal and spatial resolutions, over expanded domains, and with more types of
retrieved surface properti€Brake et al., 2002; Hansen et al., 2013; Simard et al., 2011; Tang
et al., 2012)Such adances in remote sensing observations provide opportunities to improve
characterization of initial conditions in ecosystem models and in turn reduce uncertainties of

model estimates.

The worl dbés forests present st randuegticas pat i al het
structure, posing challenges to ecosystem models regarding representation of initial

conditions. The spatial heterogeneity resulting from cumulative impacts fronoeméntal

conditions, historical disturbance, land use change, regrowt{l @imsend et al., 2008;

Vieira et al., 2004)Contemporary heterogeneity would in turn result in contrasting

subsequent ecosystem functioning and carbon dynamics under futuaeaimnge

(Fadrigue et al., 2018; Levine et al., 2Q1B) obtain initial conditions in ecosystem models,

several initialization approaches have been explored, and their strengths and limitations

depend on the scale of application. One approach is tm&ssuf or est s in their Op!

with final conditions determined by environmental conditions (e.g., climate andGa@er
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et al., 2001; Sitch et al., 2008}his approach is highly uncertain and has been challenged as
it contradicts current coittbns of many forests that have been out of equilibri@arvalhais

et al., 2010; Pappas et al., 2015; Williams et al., 2088econd approach is to spip

models from past to present with lansgle history, which can inform the location, type, and
magritude of various landise change@urtt et al., 2002, 2011, 2020; Shevliakova et al.,
2009) While employed by multiple Earth System Model (ESMs) in CMIPS6, this approach is
usually limited by the spatial resolution of lange history (>2%m) (Hurtt et d., 2020;
Lawrence et al., 20164 third approach is to initialize with fieldased measurements
(Medvigy et al., 2009; Pacala et al., 1996; Pappas et al., . 20hB)example is the US Forest
Serviceds Forest I nvent or y kesregularAneasurgmsnis®f ( F1 A)
a variety of forest metrics over thousands of permanent plots natiof®édbtold and
Patterson, 2005; Smith, 2008imilar data, however, does not exist worldwide and potential
inconsistencies may exist between differentgomeventories. More importantly, these FIA

plots only cover limited areas and are small in size (<1 ha).

Lidar remote sensing offer novel opportunities for model initialization at large spatial scales
and at high spatial resolutions. Through decadesw#ldement, lidar has demonstrated its
unigue ability to accurately, consistently, and efficiently measure forest structure over large
spatial domaingDrake et al., 2002; Dubayah and Drake, 2000; Huang et al., 2019; Tang et
al., 2012, 202). Initializing models with lidar data was pioneered in local study sites in Costa
Rica, where lidabased forest canopy height was shown to effectively constrain ecosystem
model estimates of carbon stocks and flufkésrtt et al., 2004)This lidarbased

initialization agroach was then further tested in various studies, demonstrating its potential
as a robust approach to advance ecosystem modeling af/Atalearakis et al., 2011; Hurtt

et al., 2010, 2016, 20b9Ma et al., 2021)One recent example is the developndra high
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resolution regional forest carbon madel system for projecting future carbon sequestration
potential(Hurtt et al., 201B; Ma et al., 2021)In this system, a forest canopy height map at

90 m spatial resolution is derived from airborne lidaseskations, and then linked to an
ecosystem model, called the Ecosystem Demography (ED) model, to determine baseline
estimates of current aboveground carbon and remaining carbon sequestration potential from
this baseline. This modeling system further desti@tes the power of lidar in observing fine

scale heterogeneity in forest conditions and carbon.

Two ongoing NASA spaceborne lidar missions, namely GEDI (Global Ecosystem Dynamics
Investigation) and ICES#& (ICE, Cloud, and Land Elevation Satellite 2)oyide huge

potential for advancing global ecosystem modeling. GEDI is was launched on Dec&mber 5
2018 and is located on board the International Space Station (ISS) through 2021. GEDI is the
first spaceborne lidar instrument specifically optimized tasnee forest vertical structure
(Dubayah et al., 202). Over twayear of mission lifetime, GEDI aims to provide over 10

billion cloud-free waveforms over temperate and tropical forests between 51.6°N and 51.6°S.
The collected waveforms are processed tegate a suite of data products including canopy
height, canopy cover, canopy leaf area index and profile, topography, and feletpeirdand
gridded aboveground biomass density (AGB). In parallel, ICESat2 was launched on
September 1% 2018 as a freftying satellite. On board is a lidar instrument ATLAS

(Advanced Topographic Laser Altimeter Sysjemhich uses a novel laser ranging

technology called photeoounting. Despite its primary mission focus on measuring ice sheet
elevation and sea ice thickneSESat2 also collects global measurements of forest canopy
height over its thregear lifetime(Neuenschwander and Pitts, 20Mhile both missions

have their own respective instrument designs and mission concepts, they share the goal of

mapping globaforest structure and forest carbon. Data products from these missions will
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benefit ecosystem modeling by providing direct forest structure observations for model

initialization or benchmarking model estimates of carbon stock and forest structure.

To leveage emergent spaceborne lidar observations, we developed an initiabgaifoach

for the ED model at 0.01° spatial resolutiaproximatelyl km at the equatgrover a near
global domain (51°N ~ 51°S). Here, we examine the benefits of using both GEDI a
ICESat2 datasets within ED to better capture fsoale forest heterogeneity and generate a
carbon baseline for future projectiodglditionally, we evaluate the watb-wall data

coverage currently provided by both NASA missions and consider theistamcy in

canopy height measurements. To do this, we generate a gridded canopy height histogram
from raw observations at the footprietvel and use it to initialize the ED model. We also
compare the resulting AGB estimates against field inventory dattéidar empirical AGB

estimates.

5.2 Methods

ED initialization employs heightbased approach, whiebas firstproposed in Hurtt et al
(2004)andsubsequentlappliedin regional applicationfHurtt et al., 2010, 2016, 20t9Ma

et al., 2021Antonarakis et al., 2011The heightbased initialization approach requiaas

AGB andcanopyheight growth trajectory prsimulated bythe ED modeland tree canopy
height and canopy fractiatatafrom remote sensingbservationsThe initialization

detemi nes f or each grid cell, the forestos
corresponding AGBThe overall workflow of ED initialization with GEDI and ICES2tis
illustrated in Figurés.1. Section5.2.1 describethe coreprinciples of ED model andlietails

theinitialization process; sectidh2.2 describegeneration of canopy height and tree cover

from GEDI and ICESa®R observations andriversrequiredto run EDmodel
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Figureb5.1. lllustration of EDinitialization at a grid. Top box depicts the process of
generating gridded canopy height histogram (ranging fremt& 50m and bin size of 0.6)
and average tree cover for the blue grid with size of 0@afor circles present GEDI and
ICESat2 footprint/segmentevel observations. Note that not every grid has observations
from either or both missions. The bottom box depicts the process of gené&@ipeight
trajectoryfor the blue grid by running ED whitdrivers of meteorology, CQOsoil properties.
The right box depicts process of initializing with simula#géB-heightgrowthtrajectory
and canopy height histogram

5.2.1 ED and Initialization

5.2.1.1ED Principle

ED is individuatbased prognostic ecoggm modethatintegrates submodules of growth,
mortality, hydrology, carbon cycle and soil biogeochemifthyrtt et al., 1998; Moorcroft et
al., 2001) ED can characterize plant dynamics at individaaék including growth,

mortality, reproduction andompetition for light, water and nutrient&D canalsosimulate
thecarbon cycleincludingcarbon uptake by leaf photosynthesis to carbon allocation for
growth in leaves, roots, stem and seedliagswell acarbon decomposition in various soil
carbon pols The model can furtheharacterize changesimdividual plantdensity and
compositionundernatural disturbance and lainde and land cover chandgD has been used

to characgrizeregional carbon dynamics in response to climate change, elevateth@D
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use and land cover changadnatural disturbancéHurtt et al., 2002; Fisk et al., 2013;

Flanagan et al., 2019)

Explicit characterizatioof vertical structure during ecosystem succes&@feature that
distinguishe€D from most other ecosystnmodels Specifically,eachplant hasown
structure attributes such as associattbpyheight, diameter at breast heigGanopyheight
dynamicsare thertrackedas a result ofompetitionbetweerplants anccumulative carbon
balance between photosyatiis and respiration with giveamvironmenrdél conditions(e.qg.,
temperature, precipitation, radiation, and soil moistuggplicit trackingof canopy height
facilitates the potential connection betweenEemodel with external forest structure data
from remote sensingbservations and field measurements. Linkeiywith forest structure
datacan helpdetermine the contemporary successiatate of each location in the gridded

domain.

5.2.1.2Lidar initialization

Heightbased initialization determinesc h | o csactessmahsatefrom thepre
simulated AGBheight trajectory using lidar canopy height and canopy cover as if\datest
al., 2021) This initializationprocesss comprised of two major steps: 1) generate gridded
AGB-height trajectory, ab called h pokup table by runningED for a certain period
with drivers of meteorology, CQdisturbance ansoil properties. The AGHBieight trajectory
is a subsedf outcomes fronkED simulation ofecosystem dynamics from bare ground to
equilibrium stateand?2) index the AGBheight lookup table with lidar canopy height and
canopy cover. This step maasiidar canopy height with E8imulated canopy height to
identify successional stast time oflidar acquisitionThe corresponding AGB is

subsequentlgefined as initialized AGB.
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In this study, lidar canopy height was taken fron0®1° gridded canopy height histogram
derived from GEDBNndICESat2 footprint/segmentevel observatios. For canopy oger, we
used0.01° average tree canopy couel010derived from theslobal ForestChange dataset
(Hansen et al., 2013y he use of @anopy height histogram instead of aggcanopyheight
is basedn the samplingature of two lidar missions, spatial variation of canopy height
within 0.015 andnonlinear relationship between canopy height and A&Bxth GEDI and
ICESat2 missions only provide ground samples of canopghtenstead of walto-wall
coveragethese samples could vary largely witBil®1° A canopy height histogracan take
height variation int@ccount and avoidonlinearities resultinfrom scaling

footprint/segmentevel observationgo a 0.01°grid.

Theinitialization indexedthe AGB-height lookup tabléor each bin othecanopy height
histogram and then weigidby associated frequenagesulting ina AGB corresponihg to a
0.02° grid cell with100% tree canopy cover. This AG8thenlinearly adjusted).01°

average tree canopy cousy assuming zero AGB at ndree fraction

5.2.2 Data

5.2.2.1GEDI/ICESat2 gridded canopy height histogram

GEDI is specifically designed for foregtrtical structure measuremearDubayah et al.,
202(®). Thelaserinstrument is a geodeticlass waveform lidar consisg of 3 lasers which
produce 8 ground tracks 86 mfootprint samples. Th& ground tracks are spaced
approximately 600n apart in the crosgack directiorand60 m in the along track direction
on t h e suBageBy gnogessingaturned full waveformsL.2A product provideanopy

height metricandtopographic surface elevatiam footprint leve(Dubayah et al., 202Z1).
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ICESat2 6 s ATLAS i nst r uvoownting laserttechihdlogyarkus gt al.pt o n
(2017) It is comprised of 3 pairs of strong and weak beams &gt pair being separated by
3.3 km and a pair width of 90.rihe 3 pairs of beams produce 6 ground tracks with footprint
size about 17 m ~20 m, and each footprint is spaced by 70 cm. Baspirag all retuned
photons, ATL08 product provides estimates of terrain height, canopy height and canopy

cover at fixed segment size of 100(Neuenschwander and Pitts, 2019

We generated spatially gridded canopy height histogram using canopy height riti©0
(i.e., relative height at 16Genergy percentile) frorGEDI L2A footprint-level measurements
(algorithm 2) and canopy height methiccanopyfrom ICESat2 ATL08 segmentevel
measuements. Specifically, 675&EDI L2A granulegacquired between 2019 April and
2020 Septembgiand 95825 ICES# ATLO8 granulegacquired between and 2018 October
and 2020 Julyyvere downloaded frothe NASALP DAAC. For both GEDI and ICESa&t
only footprintssegmentshat meet eacfiltering criteriaare used for gridding. For GEDI, the
filtering criteriaare 1) quality_flagvalue of 1; 2kensitivity> 0.95; 3)RH100within range

of 5 m and 50 mFor ICESat2, the filteringcriteria: ) dem_removal_#8g value of 0;2)
canopy_flagvalue of 1; 3 cloud_flag_atnx 4; 4)h_canopywithin range of 5 m and 50.m
Thefiltering criteriaare set to exclude bad observations or those returned bipresh areas.
The filtered footprirg/segmentsverethen mappedhto 0.01°grids usingassociated
coordinatevariableg(i.e., usingat_lowestmodandlon_lowestmodéor GEDI, latitudeand
longitudefor ICESat2). This gridding step results in maps with 90 layers and each layer

recordsthefootprint count wittin the mnge of the height bin

5.2.2.2Tree cover
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Tree canopy cover is from the Global Forest Chd@feC)datasetvhich providesat 30m
thelatestfractionaltree cover irR010(Harsen et al., 2013The GFCdatasetlso provie

pixel level estimates of annual forest losses and decadal gains. Contiericgver 2010

and gain/loss could potentially produce tree cover estimate in 2019. Howevergamthe
layerhas not been updad since2012,this approach willikely result inbiased lowtree

cover at areas with plantation after 2012 (e.g., southern US). Therefore, this study uses tree
cover in2010and averages it to 0.0from the original 0.00025resolution (approximately

30m at the equator).

5.2.2.2ED Drivers

ED model runs are driven hyeteorological forcings, soil characteristiaadatmospheric
CQO; concentration. Meteorological forcimtacomes from the NASA ModerBra
Retrospective analysis for Research and Appboat Version 2 (MERRA) (Gelaro et al
2017) All variablesincluding surface air temperature, surface specific humidity, incident
shortwave radiation, wind speed, precipitation and rtaytér soil temperaturevere

spatially interpolated to 0.5° and averagedonthly diurnalestimats. Soil hydraulic
properties come frorontzkaet al.,(2017) which provides spatigharametemapsof sail
depth and saturated hydraulic conductiwty).25. CQG is held spatially and temporally

constant at 400 ppm.

53 Results

5.3.1 Gridded canopy height

Gridded canopy heiglitistograms and average canopy heagrived fromGEDI and
ICESat2 observationgare shown irFigure5.2 and5.3. Both missions show height variability

within 0.01° Since both missions likely take measurement samples from diffesad in a
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grid, it is expected that the resulting canopy height histograms may shows some
discrepancies. The average canopy height rehpw similar spatial distributiebetween the
two missions, witthigh values appeang in thetropical rainforest, Pafic Northwest and
eastern coast of North America, eastern Europe, eastern Himalayas, southeandibmfar

east of Russia

Due tothesampling nature ofachlidar mission and unfinished acquisitions, both gridded

maps have coverage gafas shown irinset axisof Figure5.3). Generally, high latitude
havebetter coverage than l@matitudes due toorbital convergence. Moreover, GEDI and
ICESat2 reveal different track coveragand distributios. Because ofthe orbital resonance

of ISS,G E D ltracks are not evenly spaca@suling in dense coverage (nearly full

coverage)n areaswhere tracks are clustered and large gaps between track clirsters.

contrast, ICESa® 6 rackstare relatively evenly spaced but coverage gaps exist between each
individual trackdue toits repeating orbit and cyclical effadir pointing systemICESat2

alsoexcludes observations with tree cover less than 5%.
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Figureb.2. Canopy height histograms at 0.01° at four examptklgcations, produced by
gridding footprint/segmerevel observations from GEDI L2A and ICESAATL08

datasets.
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Figureb.3. Average canopy height at 0.01° by gridding footprint/segfterl observations
from GEDI (a) and ICES&2 (b). The insets highlight fingcale heterogeneity at selected
regions

By counting area dd.01°with lidar observations, botmissions have sampled about half of
theland areawithin thetree cover gradierntlentified by the GFC datas@figure5.4). GEDI
has higher coverage than ICEQatver all gradients of tree coyéhe difference is largest at
tree cover group 1~10%, probably due to data exclusion in ICES&AL08. In total, GEDI
has sampled about 31milli on knt of 0.01° gridswith tree cover above 1%, while ICESat
has sampled about 2318llion km? Combining GEDI and ICES&k observationsogether
canincrease sample coveradg@r examplethetotal sampled areé>1% tree cover) can be
increasedip t039.7 million km? whenGEDI and ICESag data is combinedl'he coverage

increase is more significant at tree cover fractiocd®%, 1020%, and 96.00%.

Footprint/segment densities from GEDI and ICESare shown ifrigure5.5. Generally,

GEDI has higher desities than ICES&2. For example, GEDI has more grids with densities
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