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Key Points:19

• Moderate forestation under a high emissions scenario is projected to generate a20

limited but stable carbon sink.21

• This sink on its own is not enough to significantly mitigate global warming.22

• Forestation has substantial impacts on the global carbon balance and regional im-23

pacts on temperature extremes.24
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Abstract25

Forestation is a major component of future long-term emissions reduction and CO226

removal strategies, but the viability of carbon stored in vegetation under future climates27

is highly uncertain. We analyze the results from seven CMIP6 models for a combined28

scenario with high fossil fuel emissions (from SSP5-8.5) and moderate forest expansion29

(from SSP1-2.6). This scenario aims to demonstrate the ability of forestation strategies30

to mitigate climate change under continued increasing CO2 emissions and includes the31

potential impacts of increased CO2 concentration and a warming climate on vegetation32

growth. The model intercomparison shows that moderate forestation as a CO2 removal33

strategy has limited impact on global climate under a high global warming scenario, de-34

spite generating a substantial cumulative carbon sink of 10–60 Pg C over the period 2015–35

2100. Using a single model ensemble, we show that there are local increases in warm ex-36

tremes in response to forestation associated with decreases in the number of cool days.37

Furthermore, we find evidence of a shift in the global carbon balance, whereby increased38

carbon storage on land of ∼25 Pg C by 2100 associated with forestation has a concomi-39

tant decrease in the carbon uptake by the ocean due to reduced atmospheric CO2 con-40

centrations.41

Plain Language Summary42

We use seven model projections to estimate future climates in which moderate foresta-43

tion occurs under a high fossil fuel emission scenario. While the forestation in this sce-44

nario is not enough to substantially mitigate global warming, the new forest cover makes45

up a stable carbon sink over the next century.46

1 Introduction47

Forests cover approximately 31% of the global land surface (Luyssaert et al., 2014;48

FAO, 2020) and the terrestrial biosphere is currently responsible for the removal of 30%49

of total anthropogenic emissions from the atmosphere (Friedlingstein et al., 2022). Foresta-50

tion is therefore often thought of as a viable strategy to remove CO2 from the atmosphere51

and mitigate global warming (House et al., 2002; Griscom et al., 2017; Smith et al., 2022).52

Most decarbonization pathways to limit global warming to below 1.5 or 2 � (consistent53

with the Paris Agreement) require not only a reduction of fossil fuel emissions, but also54

CO2 removal to offset industrial and agricultural emissions that are difficult to abate (Babiker55

et al., 2022). The most commonly used practice to remove CO2 from the atmosphere in56

decarbonization pathways is forestation that includes a) reforestation: forest regrowth57

in abandoned agricultural and pasture lands, and direct tree planting, and b) afforesta-58

tion: tree planting in areas not previously forested.59

Forestation and deforestation affect the climate in two main ways (Pongratz et al.,60

2010; Ito & Hajima, 2020; Zhu et al., 2023). Firstly, by biogeochemical effects, i.e., changes61

to the global carbon cycle and carbon storage pools that affect atmospheric CO2 con-62

centration and, therefore, the radiative absorption of the atmosphere. And secondly by63

biogeophysical effects, i.e., changes in the physical properties of the land surface such as64

albedo, roughness and evapotranspiration efficiency, which in turn influence the surface65

energy balance (Betts, 2000; Bala et al., 2007; Winckler, Reick, Bright, & Pongratz, 2019).66

In general, forestation causes a global cooling biogeochemical effect as carbon is taken67

from the atmosphere and stored in vegetation and soils. However, the biogeophysical im-68

pacts of forestation are more varied, with the effects of albedo and roughness having op-69

posing impacts that might dominate more or less at different latitudes.70

Historically, there has been substantial deforestation in temperate forests of Eura-71

sia and North America and in the last few decades, deforestation has been focused on72

–2–



manuscript submitted to JGR: Biogeosciences

the tropics (Klein Goldewijk, 2001). The net effect of deforestation is to cool the climate73

globally due to an increase in albedo (Davin & de Noblet-Ducoudré, 2010). While the74

albedo-induced cooling is a result of the changes in the global planetary energy balance,75

reinforced by the ocean, the biogeophysical effects at the site of the deforestation are gen-76

erally a warming effect (Winckler, Lejeune, et al., 2019; Kumar et al., 2013; Li et al., 2016;77

Betts, 2001; Lee et al., 2011): Locally, the reduction in absorbed energy is compensated78

for by a reduction in turbulent heat fluxes (Winckler, Reick, Bright, & Pongratz, 2019).79

As a result, the albedo changes have a minor influence on local temperatures. Instead,80

the reduction in roughness transforming forest to short, smooth grass or cropland veg-81

etation leads to less efficient transfer of heat from the surface into the atmosphere, which82

induces warming both in the annual mean and daily and seasonal warm extremes (Winckler,83

Reick, Luyssaert, et al., 2019). The amount of CO2 removed from the atmosphere and84

the climate impacts can be simulated with earth system model projections. The land sur-85

face components of these models simulate vegetation dynamics to varying degrees and86

their interaction with the atmosphere can estimate a range of possible carbon cycle and87

climate impacts (for a recent overview on the current state of land surface modeling dy-88

namics see Fisher et al. (2018) and Argles et al. (2022)).89

Model results are confirmed by observation-based estimates (which by way of their90

setup capture only local effects; Alkama and Cescatti (2016); Bright et al. (2017) and91

see Pongratz et al. (2021) for a review of the climatic effects of forest cover changes from92

local to global scale). In another modeling study of deforestation, Boysen et al. (2020)93

show a cooling of -0.22±0.2 � among nine climate models in idealized deforestation sim-94

ulations with constant atmospheric CO2 concentration; in the tropics, the warming ef-95

fect of local surface property changes dominates over the global cooling signal in most96

models. Hong et al. (2022) also show that under a future deforestation scenario, this cool-97

ing effect might reduce the incidence of hot extremes by 0.9–5.5%. However, the effect98

of future forestation may not necessarily be merely the inverse of the effect of future de-99

forestation.100

There have been several previous studies on the potential of forestation to remove101

CO2 from the atmosphere, each using different methods of quantification. For example,102

early studies like House et al. (2002) approximated the maximum hypothetical poten-103

tial change in CO2 concentration (40–70 ppm by 2100) due to reversing all historical for-104

est losses. Similarly, Lenton and Vaughan (2009) used a simplified “back-of-the-envelope”105

analytical calculation approach to estimate the radiative forcing effect of forestation, find-106

ing that it has substantial potential relative to most other geoengineering methods. They107

estimate a removal of 73 Pg C by forestation can result in a decrease of 0.37 W m−2 ra-108

diative forcing by 2100. However, besides assuming hypothetical scenarios of forestation,109

such simplified estimates largely disregard impacts of future environmental changes on110

forests and assume that the land carbon storage is stable on long time scales, the decay111

of which under a future climate could only be estimated with an earth system model.112

More sophisticated modeling studies better represent the complexity of the net ef-113

fects of biogeophysical and biogeochemical impacts and their dynamics depending on fu-114

ture environmental changes. For example, Sonntag et al. (2016) quantified the CO2 re-115

moval potential using an Earth System Model, in which a high CO2 emissions scenario116

is simulated (taken from RCP8.5) in combination with the “forestation” land-use from117

a low emissions scenario (taken from RCP4.5). This study used the concentration-driven118

CMIP5 (Coupled Model Intercomparison Project Phase 5) version of the MPI-ESM and119

the CMIP5 representative concentration pathways. They find that a decrease of about120

85 ppm (215 Pg C) in atmospheric CO2 concentrations by 2100 from forestation results121

in a cooling of 0.27 K globally, with a dampening of heat extremes through biogeophys-122

ical effects in some densely populated regions (also reiterated in Sonntag et al. (2018)).123

Some other experimental designs kept to idealized assumptions and represented a124

more extreme deployment of forestation, where a large and potentially unfeasible por-125
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tion of non-forested lands are forested. De Hertog et al. (2022), for example, conducted126

an experiment where all non-forested lands, except bare ground, are forested in a checker-127

board pattern. While this is not meant as a real-world application, it allows for the di-128

agnosis of local and non-local effects of forestation, demonstrating that in those mod-129

els the local biogeophysical effects from forestation produce a cooling in the tropics, while130

the non-local effects result in a large-scale warming.131

To date, a multi-model intercomparison of the potential of forestation to store CO2132

and mitigate climate change under a realistic scenario is lacking from the literature (while133

Ito et al. (2020) examined soil carbon, they did not examine the entire terrestrial bio-134

sphere or the climate impacts). This study aims to quantify the CO2 removal potential135

of forestation in a high-emissions scenario (SSP5-8.5) using CMIP6 models in an inter-136

active emissions-driven carbon cycle configuration. We will assess the viability of the car-137

bon stores, and the net impacts of forestation on the climate. The CMIP6 ensemble of138

models provides a measure of uncertainty related to model structure and parameters.139

Furthermore, there is an ensemble of simulations available for a single model for the es-140

timation of uncertainty arising from internal climate variability.141

2 Methods142

2.1 Experiments143

The CMIP6 experimental design specifies a set of standard simulations called the144

Diagnostic, Evaluation and Characterization of Klima (DECK) (Eyring et al., 2016), which145

are typically used as the foundation to study more specific research questions. The DECK146

includes a pre-industrial control simulation (piControl) with constant greenhouse gas con-147

centration forcing, and a historical (historical) simulation with transient historical green-148

house gas concentration forcing. Furthermore, the DECK specifies corresponding sim-149

ulations (esm-piControl and esm-hist) that are run in “Earth system model” mode (i.e.150

with a fully interactive dynamic carbon cycle) wherein historical fossil fuel and indus-151

trial greenhouse gas emissions are used to force the models. Projection period emissions-152

driven simulations that are analyzed in this study were initialized at 2015 from the end153

of the esm-hist experiments.154

The reference simulation we use to compare to esm-ssp585-ssp126Lu is the esm-155

ssp585 from the Coupled Climate-Carbon Cycle Model Intercomparison Project (C4MIP)156

(Jones et al., 2016). This is the emissions-driven Earth system model simulation corre-157

sponding to the SSP5-8.5 high greenhouse gas scenario that assumes that development158

is driven by fossil fuels (O’Neill et al., 2016).159

The forestation scenario analyzed here is the Land Use Model Intercomparison Project’s160

esm-ssp585-ssp126Lu, spanning the years 2015–2100 (Lawrence et al., 2016). This sim-161

ulation features the surface fossil fuel-related CO2 emissions from the SSP5-8.5 scenario,162

but the land-use trajectory is taken from the SSP1-2.6 scenario (O’Neill et al., 2016).163

The SSP5-8.5 scenario represents a high emissions future pathway that results in a ra-164

diative forcing of 8.5 W m−2 in 2100. The SSP1-2.6 scenario land-use change assumes165

a future of sustainable development (van Vuuren et al., 2017). This scenario assumes low166

population growth, low pressures on land-use, expansion of protected lands, environmen-167

tally friendly changes in diets and increased agricultural efficiency and yields, which al-168

together drive the abandonment of agricultural lands. This abandoned agricultural land169

allows for the expansion of natural lands and forest cover. We use this scenario because170

it represents a plausible future forestation scenario that would provide a lower bound171

on the survivability of vegetation and CO2 removal potential of the land surface under172

a warmer climate.173

In general, there is greater forest expansion occurring in esm-ssp585-ssp126Lu than174

esm-ssp585. By taking the difference between the forestation simulation and the esm-175
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ssp585 simulation for any variable X (Equation 1), we can examine the impact of foresta-176

tion on the climate and the carbon cycle. Therefore, we use the term “forestation” to177

include the avoidance of deforestation that also occurs in SSP5-8.5.178

X|for = X|esm−ssp585−ssp126Lu −X|esm−ssp585 (1)179

The land-use change data used in all CMIP6 experiments are the Land-use Har-180

monization data set version 2 (LUH2; Hurtt et al., 2020), which for future scenarios is181

derived from integrated assessment models (IAMs). LUH2 provides land-use states and182

transitions as relatively generic types such as primary and secondary forested and non-183

forested land. These data are translated by each modeling group to changes in the frac-184

tional coverage of either specific plant functional types (PFTs) or more general land-use185

and land-cover types if PFT competition dynamics are simulated (for example Di Vit-186

torio et al., 2014). Figure 1 shows the temporal change in combined primary and sec-187

ondary forest cover fractions from LUH2 data. The SSP1-2.6 land-use change is typi-188

cally characterized by forestation, while the SSP5-8.5 has a mixture of deforestation and189

forestation. SSP5-8.5 land-use change has no net change in global forest cover for most190

of the century with a small amount of forestation occurring in the last few decades, how-191

ever, there is considerable deforestation in the central African region (Figure 1b). The192

difference in forest area between the two scenarios (Figure S1) is about 3 million km2
193

(an area about the size of India), about 50% of which is avoided deforestation in the SSP5-194

8.5 scenario. There are only a few small areas where there is deforestation in the SSP1-195

2.6 experiment. These occur in deciduous broad leaf forests in eastern North America,196

China and western Russia (Figure 1a). Furthermore, we acknowledge that the LUH2 SSP1-197

2.6 scenario underestimates the tree cover that was originally dictated by IMAGE (the198

IAM that produces the SSP1-2.6 scenario). This is due to differences in the definition199

of tree cover in the integrated assessment models as well as the effects of harmonization200

of that data with observed historical land cover fractions. LUH2 provided additional for-201

est cover data to match the forestation estimated by IMAGE, only CESM2 utilized it202

of all the models in this study. Therefore, we consider esm-ssp585-ssp126Lu as having203

moderate forestation and would be representative of the lower end of the future miti-204

gation potential from forestation.205

2.2 Participating models206

Seven Earth system models participated in both LUMIP and C4MIP with simu-207

lations available for esm-ssp585-ssp126Lu and esm-ssp585. NorESM5 contributed a sim-208

ulation to LUMIP for the esm-ssp585-ssp126Lu experiment, however, we have excluded209

it since it was run in concentration-driven mode. We also excluded BCC-CSM2-MR upon210

request of the developers due to a bug in the soil respiration. A brief overview of these211

models is presented in Table 1. Two models included wildfire schemes, three models in-212

cluded PFT dynamics (i.e., the geographical distribution of the vegetation types changes213

in response to environmental changes and competition modulated by physiological con-214

straints), two models include plant demography (i.e., competition of vegetation age or215

height classes) and six models included nitrogen limitation. ACCESS-ESM1-5 is the only216

model to include phosphorus limitation. Furthermore, ACCESS-ESM1-5 is the only model217

to have multiple ensemble members available for both simulations, of which there are218

ten for each experiment. The ACCESS-ESM1-5 ensemble members were generated by219

a branched initialization technique from the pre-industrial control simulation which runs220

throughout the historical period. The esm-ssp585-ssp126Lu and esm-ssp585 simulations221

are initialized from the end of each of the historical ensemble members and the corre-222

sponding ensemble members are therefore necessarily paired together when the differ-223

ence is taken.224
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Figure 1. Temporal anomaly (2100 - 2015) in tree fraction from the Land-use Harmonization

2 for a) the SSP1-2.6 scenario and b) the SSP5-8.5 scenario between the year 2100 and 2015.

c) Boxes demark the areas used in the ACCESS-ESM1-5 regional analysis. The regions are 1

Amazonia, 2 Northeast North America, 3 Boreal North America, 4 Central Africa, 5 Boreal Eura-

sia and 6 East Asia. The black crosses mark the locations of large forestation changes that are

used for daily temperature distributions in Eastern North America (275◦E,37.5◦N), East Asia

(99.375◦E,32.5◦N) and Amazonia (311.25◦E,-12.5◦N).
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CanESM5 has different ensemble initialization methods for esm-ssp585 and esm-225

ssp585-ssp126Lu. The former uses r1i1p1f1 and the latter uses r1i1p2f1, which features226

recent bug-fixes in the model. To account for the slightly different initial conditions, the227

CanESM5 model (green line in Figure 3) has been bias corrected by subtracting the dif-228

ference in the carbon pools between the reference and forestation simulations at the start229

of the experiment (2015). This makes the CanESM5 comparable with other models for230

all variables.231

The forest and tree definition can still differ between models depending on how the232

LUH2 forcing data are translated into model PFTs. For example, CanESM5 and GFDL-233

ESM4 do not have an explicit representation of shrubs but consider them as tree PFTs234

and therefore areas otherwise considered as shrubs in other models would be included235

in treeFrac. Also, none of the models here have a representation of rangelands and thus236

the LUH2 rangelands can be variously interpreted by the models as forest, pasture, shrub-237

lands or savanna, which may or may not be considered as woody tree PFTs.238

2.3 Data239

The data used in this study are available from the Earth System Grid Federation.240

For each model, we use the following monthly mean variables: tree cover fraction (treeFrac),241

vegetation, litter, soil and total land carbon (cVeg, cLitter, cSoil, cLand respectively),242

atmospheric CO2 concentrations (co2), ocean CO2 flux (fgco2), 1.5 m surface air tem-243

perature (tas) and precipitation rate (pr). From ACCESS-ESM1.5 we also use daily max-244

imum temperatures (tasmax). Some variables are not available for particular models,245

such as treeFrac data from MIROC and atmospheric CO2 concentration from GFDL-246

ESM4.247

Changes in the treeFrac variable typically represent the changes in forests, but the248

definition of forest cover can vary. ESMs represent forest area as a fraction of a grid cell’s249

land surface rather than crown cover, which is an important distinction since definitions250

of forests vary greatly with crown cover (Zomer et al., 2008).251

2.4 Analysis and statistical methods252

In this study, the analysis of results is done in two parts, a global mean analysis253

of CMIP6 models, and a regional analysis of the ACCESS-ESM1-5 10 member ensem-254

ble (since an ensemble allows for a more robust detection of noisy regional signals). For255

the global mean analysis across CMIP6 models, we analyze global forest cover fractions,256

terrestrial and oceanic carbon, surface air temperature and precipitation. We calculate257

trends in the difference of global mean temperatures and precipitation to examine the258

change in temperature as forests expand. For this, we use the Theil-Sen slope estima-259

tor and test its significance at the 5% level using the Mann-Kendall trend test.260

For a more detailed analysis of regional carbon uptakes, the ACCESS-ESM1-5 re-261

gional analyses have been divided into 6 regions that feature notable changes in tree cover.262

These regions are shown in Figure 1c.263

Much of the simulated tree cover changes between the two simulations occur in a264

handful of concentrated regions. Therefore, to examine the local scale impact of substan-265

tial forestation on temperature, histograms of the frequency distributions for specific grid266

points are calculated for the locations shown by the crosses in Figure 1. These large foresta-267

tion regions are in Eastern North America (275◦E,37.5◦N), East Asia (99.375◦E,32.5◦N)268

and Amazonia (311.25◦E,-12.5◦N). The difference in the temperature distribution in the269

two simulations in response to forestation is tested using the 2-sample Kolmogorov-Smirnov270

test for the equality of distributions at the 5% level.271
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Lastly, to examine the relationship between forestation and climate, correlations272

were done on ensemble mean surface air temperature and tree fraction using the Spear-273

man’s rank correlation and the significance was tested at the 5% level (Kokoska & Zwill-274

inger, 2000).275

3 Results and discussion276

3.1 Global multi-model inter-comparison277

3.1.1 Carbon cycle278

Each model has a unique representation of forests which results in a variety of changes279

in simulated global tree cover. This is demonstrated in Figure 2, which shows the dif-280

ference in tree cover fraction between the two scenarios for each model at 2100 (Figure281

S2 also shows the temporal change for each experiment). The unique representations of282

forest cover arise from a variety of sources. Firstly, each model has various combinations283

of evergreen/deciduous broadleaf/needleleaf PFTs, sometimes in specific climates such284

as tropical, temperate and boreal regions. Modeling groups therefore must have diverse285

approaches to translating the natural lands from LUH2 into these model-specific PFTs286

differently. Secondly, each model has a different grid resolution, which causes large dif-287

ferences in forest areas when the cover fractions are remapped. Thirdly, each model may288

use a slightly different spatial distribution of potential vegetation, resulting in different289

forest areas when land-use changes are applied. Finally, UKESM1-0-LL, GFDL-ESM4290

and MPI-ESM1-2-LR include PFT dynamics that respond to changes in climate, and291

these are the models that deviate from the LUH2 land-use forcing the most.292

To interpret the difference in tree cover response of the models, it is helpful to be293

aware of some of the known climate and dynamic features of each model. Firstly, CanESM5294

particularly stands out as having a net loss of tree area by 2100 (Figure 2a), however,295

this is due to CanESM5 lacking an explicit representation of shrubs and rangelands, which296

have been allocated as forest. Several show large-scale forest loss in some regions. The297

mechanisms that drive such forest loss in CMIP6 models are typically model-dependent298

climate sensitivities for prolonged drying under which models with PFT dynamics would299

favor the expansion of savanna or grass biomes, as well as disturbances from deforesta-300

tion and fires (Cano et al., 2022; Parry et al., 2022). For example, CanESM5, MPI-ESM301

and UKESM1-0-LL also feature substantial Amazonian die-back in both scenarios (Fig-302

ure S2), typically driven by localized drying. Secondly, MPI-ESM1-2-LR has large amounts303

of tree cover increase in semi-arid regions in Africa and Australia. Thirdly, the UKESM1-304

0-LL esm-ssp585-ssp126Lu scenario is known to have enhanced CO2 fertilization com-305

pared to other models and warming in the mid- to high-latitudes resulting in increased306

tree cover fractions in Figure S2 and decreased tree cover fraction in tropical South Amer-307

ica and southeast Asia, driven by a combination of land use change and regional dry-308

ing trends. Lastly, the tree cover changes in each model may not fully capture actual dy-309

namics that may limit forest expansion. For example, models that do not include PFT310

dynamics may not represent natural encroachment of forests onto natural grasslands. Also,311

no models have mechanisms for seed dispersal to limit forest expansion, and seedling plant-312

ing on managed lands is implicit rather than explicit. Depending on the ESM implemen-313

tation, forests may take some time to grow their relevant pools. For example, ACCESS-314

ESM1-5 takes ∼100 years for wood pools to stabilize following complete forestation on315

all croplands (not shown).316

ACCESS-ESM1-5 is an example that closely follows the spatial distribution of the317

LUH2 land-use forcing. By 2100, ACCESS-ESM1-5 has a forest expansion of 1.59 mil-318

lion km2 and agricultural abandonment of 1.11 million km2. By mid-century, crops reach319

a minimum of 2.74 million km2 less than in 2015, before rising again in the latter half320

of the century (Figure S3 and S4). Forestation is dominated by growth of evergreen broad321
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leaf forests, followed by evergreen needle leaf forests, and deciduous broad leaf forests.322

Deciduous needle leaf forests only make up a small fraction of forests and do not show323

any expansion.324

The inter-model spread in increased tree cover fraction corresponds to the spread325

of carbon uptake potentials into the terrestrial system. Figure 3 shows the change in the326

model’s terrestrial carbon pools due to forestation. The increase in total land carbon tends327

to diminish towards the end of the century as new forest areas reach maturity. The mod-328

els show a total CO2 removal by the land surface between 10–60 Pg C by 2100. The ACCESS-329

ESM1-5 ensemble spread indicates that the internal climate variability can constitute330

a considerable portion of this range (between 10–40 Pg C). Such a large multi-model spread331

likely arises from the use of a very high emissions scenario, which amplifies the range of332

temperature responses since each model has a unique climate sensitivity. Models with333

strong climate-carbon feedbacks on land would further increase the spread of land car-334

bon uptake.335

For vegetation carbon, the models either maintain a carbon removal potential of336

∼20–50 Pg C by 2100 (ACCESS-ESM1-5, UKESM1-0-LL, MPI-ESM1-2-LR and CESM2),337

or the vegetation carbon gains by the middle of the century are lost to the atmosphere338

by 2100 (CanESM5 and MIROC-ES2L). ACCESS-ESM1-5 and UKESM1-0-LL lie ap-339

proximately in the middle of the model spread. These models use different versions of340

the same atmosphere model and therefore share similar climate physics, however UKESM1-341

0-LL has a greater transient climate response (TCR) to forestation and atmospheric CO2342

changes.343

Soil carbon shows varied responses to forestation, but most models show carbon344

accumulates in litter and soil pools and remain carbon sinks over the 21st century. For345

example, for CanESM5, even though there is a net loss of tree cover by 2100, much of346

the land carbon is stored in soil and litter. However, ACCESS-ESM1-5 and UKESM1-347

0-LL show decreases in soil carbon in response to forestation. For ACCESS-ESM1-5, this348

is likely due to differences in PFT-specific parameters for the proportion of litter car-349

bon stored as lignin, as well as the litter and soil carbon turnover rates between forests,350

crops and grasses, with the former having slower turnover from litter to soil. This re-351

sults in carbon accumulating in the litter pools and the soil carbon pools decay to a new352

lower equilibrium. In the UKESM1-0-LL, however, severe deforestation of tropical PFTs353

in the early part of SSP5-8.5 compared to SSP1-2.6 results in a large negative difference354

in litter and soil carbon mid-century. Much of the deforested wood is transferred to wood355

products, with less harvested carbon being transferred to soil in the esm-ssp585-ssp126Lu356

scenario.357

An increased land surface sink results in a corresponding decrease in atmospheric358

CO2 concentrations as demonstrated in Figure 4. The multi-model range is -5 to -22 ppm,359

with concentrations projected to increase from 400 ppm to 1088 ppm under SSP5-8.5360

(REMIND-MAGPIE in Figure S5). This change represents 0.7–3% of the reduction re-361

quired to return the CO2 concentration at 2100 to that of the level in 2010. The largest362

change in concentration is ∼22 ppm from MPI-ESM1-2-LR, which is still much lower than363

the 85 ppm decrease in the scenario used by Sonntag et al. (2016). In that study, there364

was a much larger forestation of ∼9 million km2 in the RCP4.5 scenario, compared to365

the ∼2 million km2 for MPI-ESM here, which likely explains most of the difference. The366

ACCESS-ESM1-5 ensemble range demonstrates that atmospheric CO2 is strongly sen-367

sitive to internal climate variability, encompassing 60% of the multi-model range.368

3.1.2 Climate response369

Figure 5 shows that trends in global mean surface air temperature over the cen-370

tury are not significantly altered by forestation, which is likely because the forest area371

difference between the two scenarios is not large enough. Despite not being statistically372
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Figure 2. a) Global sum tree cover area (or global mean area fraction for the right axis) over

the period 2015 to 2100 in esm-ssp585-ssp126Lu (forestation) (solid) and esm-ssp585 (reference)

(dashed) for each model. b-g) 2100 maps of tree cover fraction difference between the simulations

for each model. MIROC-ES2L data for tree fraction are not available.
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Figure 3. Differences for a) total land carbon, b) vegetation carbon and c) litter and soil

carbon (cLitter+cSoil) between esm-ssp585-ssp126Lu (forestation) and esm-ssp585 (reference)

for 6 CMIP6 models. ACCESS-ESM1-5 is plotted as the ensemble mean and the blue shading

indicates the ensemble range. Data for GFDL-ESM4 carbon pools are not available.
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Figure 4. Difference in atmospheric CO2 concentration between esm-ssp585-ssp126Lu

(forestation) and esm-ssp585 (reference). The ACCESS-ESM1-5 is plotted as the ensemble mean

with the blue shading representing the ensemble range. CanESM5 does not start at 0 because of

the different physics members highlighted in section 2.2.
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Figure 5. Difference in surface air temperature between esm-ssp585-ssp126Lu (forestation)

and esm-ssp585 (reference) (solid lines) and the corresponding trends (dotted). The blue shading

is the ACCESS-ESM1-5 ensemble range. All trends are not statistically significant at the 5%

level. The (+) and (-) symbols next to the model names denote the sign of the trend line.

significant, the global temperature trends disagree in sign, with most showing negative373

trends and ACCESS-ESM1-5, CanESM5 and CESM2 showing positive trends. The ef-374

fect that internal climate variability can have on the trends is demonstrated by the ACCESS-375

ESM1-5 ensemble. While the ensemble mean trend showed no significant change, three376

members showed a significant positive trend. The CO2 concentration of these three mem-377

bers is not consistently greater than the other ensemble members throughout the exper-378

iment (Figure S6), which indicates that the significance of the temperature decrease in379

these members is mostly driven by internal climate variability.380

The temporal variance of temperature also shows unique behavior among the mod-381

els. For example, MIROC-ES2L features large multi-annual oscillations in global mean382

temperature driven by large El Niño–Southern Oscillation amplitude that results in sim-383

ilar variability in global temperature (Hajima et al., 2020). This occurs in both the foresta-384

tion scenario and the reference scenario (Figure S8), which causes large oscillations in385

the difference as they drift out of phase in the latter half of the century.386

Similar to global mean surface air temperature, the response of global mean pre-387

cipitation to forestation is also unclear from the models (Figure S9), with all models show-388

ing no significant trends in global precipitation rate.389
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3.2 Comparison of temperature impacts in other modeling studies390

Our results based on CMIP6 models agree well with (Sonntag et al., 2018) in sign391

but vary in the magnitude of the climate response. The Sonntag et al. (2018) study con-392

sists of only a single model that may have an incomplete representation of the real world.393

Therefore, a multi-model range provides a better view of these uncertainties. For exam-394

ple, MPI-ESM’s high CO2 uptake by vegetation may be due to missing natural distur-395

bance processes such as insects, hydraulic failure and inclusion of PFT dynamics. An-396

other example is CESM2, which does not have PFT dynamics, but it has high CO2 up-397

take because it has a larger change in tree fraction than other models, since they included398

the additional tree cover provided by LUH2. An example of a low CO2 uptake model399

is ACCESS-ESM1-5, which includes phosphorus limitation that potentially limits its CO2400

uptake and hence reduces its importance of global biogeochemical cooling.401

The sensitivity of the model’s global temperature change ranges from -0.16 (GFDL-402

ESM4) to +0.019 (ACCESS-ESM1-5) K per million km² of forestation. While GFDL-403

ESM4 had the largest sensitivity to forestation, it had the smallest temperature change404

and the smallest change in tree cover fraction. The sensitivity of CanESM5 and MPI-405

ESM1-2-LR agree well in sign and magnitude with the prior Sonntag et al. (2018) study,406

which used an earlier version of MPI-ESM. ACCESS-ESM1-5 and CESM2 contrast with407

the other models showing warming with forestation. This is more consistent with the408

sensitivities of deforestation from Boysen et al. (2020), if the global effects of forestation409

were simply the reverse of the effects of deforestation. However, the deforest-glob exper-410

iment used in Boysen et al. (2020) are simulations with constant pre-industrial CO2 con-411

centrations and therefore does not include biogeochemical feedbacks.412

To estimate what the impact on global temperatures from only CO2 would be, Ta-413

ble 2 also shows the transient climate response of the models taken from Arora et al. (2020),414

and in the following columns is the calculation of the expected change in temperature415

from only the change in atmospheric concentration shown in Figure 4. In the last col-416

umn is the net change in global temperature from both biogeochemical and biogeophys-417

ical processes as taken from the trends in Figure 5. Most models have a smaller decrease418

in global temperatures in response to CO2 decreases associated with forestation than what419

would be expected from their TCR alone, suggesting that the biogeophysical effects of420

forestation increase global temperatures and offset the potential biogeochemical cooling.421

3.3 Regional land carbon and climate responses in ACCESS-ESM1.5422

3.3.1 Overview of ACCESS-ESM1.5 response to forestation423

Since ACCESS-ESM1-5 has 10 ensemble members available, and the regional dis-424

tribution of new forest growth varies greatly among the models, the regional analysis will425

focus only on ACCESS-ESM1-5. The single model ensemble allows us to examine the426

impact of forestation on the probability distribution of regional surface temperatures and427

carbon uptake. The carbon cycle in ACCESS-ESM1-5 in the forestation scenario reflects428

the forestation in the forcing data well (Figure 6a), with the land surface acting as a sink429

in the first half of the century when most of the forestation occurs and becoming a weak430

source towards the end of the century. The ocean sink strengthens as the partial pres-431

sure of CO2 on the ocean surface increases throughout the century from increasing at-432

mospheric CO2 concentrations. However, the lower atmospheric CO2 concentrations rel-433

ative to the reference simulation results in the ocean absorbing cumulatively ∼1.3±0.5434

Pg C less by 2100 (Figure 6b). Globally, cLand increases by 1.3±0.3% of the cLand in435

the reference simulation, with 3.3±0.4% increase in cVeg and 0.5±3% decrease in cSoil.436

ACCESS-ESM1-5 is also the only model to include phosphorus nutrient limitation, and437

therefore the ACCESS-ESM1-5 cVeg pools contrasts to other models, reaching a stable438

limit by 2100 (Figure S10a) while other model’s cVeg are still increasing by 2100. The439
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Figure 6. a) Carbon budget of global fluxes of fossil fuel emissions and the natural sinks for

the land (net-land-atmosphere exchange as the sum of the natural terrestrial sink and land-use

change fluxes), ocean and atmospheric accumulation. b) The cumulative ocean carbon difference

between esm-ssp585-ssp126Lu (forestation) and esm-ssp585 (reference).

climate in both the forestation and reference simulations are similar, with a warming of440

∼4 � by 2100 and precipitation increases by 0.216 kg m−2 day−1.441

3.3.2 Regional changes in vegetation and climate extremes442

The scenario difference in treeFrac for each region in shown in Figure 7a and demon-443

strates the extent of forestation that occurs in these regions. The Central Africa region444

has the largest difference in forest cover extent. The Eastern North America region has445

an initial rapid increase in forest cover, followed by a dip of forest loss later in the cen-446

tury before recovering again. The Amazon, East Asia and Boreal North America regions447

have a steady increase in forest cover throughout the century. Finally, the Boreal Eura-448

sia undergoes a small amount of forest increase followed by forest loss.449

These forest cover changes largely determine the uptake of carbon by the land, but450

with considerable variability within each region. Figure 7b shows the change in total land451

carbon for each of the regions outlined in Figure 1c. There are increases in land carbon452

for all regions and ensemble members except Amazonia, where some ensemble members453

show a small decrease in cVeg by 2100, due to internal climate variations. The region454

with the largest change in land carbon content is Central Africa (Figure 7), however this455

difference is due to avoided deforestation that occurs in the reference simulation, rather456

than due to new forest growth in the forestation experiment (Figure S3a and b). This457

highlights the importance of including avoided deforestation in future long-term national458

climate strategies, not just to avoid related CO2 emissions from the burning and decay459

of biomass and soil carbon, but also since a considerable portion of land-use emissions460

comes from the loss of additional sink capacity from deforestation (Gitz & Ciais, 2003;461

Pongratz et al., 2014; Obermeier et al., 2021). The increased land sink from the com-462

bined effect of forestation and CO2 fertilization are partially offset by the increase in soil463

respiration (Figure S10b), particularly in Australia where there is no increase in forest464

cover in the SSP1-2.6 scenario.465

The relationship of surface air temperature and changes in total tree cover frac-466

tion varies substantially by region. For example, in Figure 8, the correlation of temper-467

ature and tree cover fraction is positive in the tropical regions of Central Africa, South468

America, the Maritime Continent, and East Asia. Hence, increased tree cover fraction469

increases surface air temperature and the effect of decreased surface albedo dominates.470
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Figure 7. Differences between esm-ssp585-ssp126Lu (forestation) and esm-ssp585 (reference)

for (a) sum of the treeFrac in each region in Figure 1 and (b) total land carbon content for each

region in Figure 1, based on results from ACCESS-ESM1-5.

In contrast, some areas immediately surrounding the avoided deforestation region of Cen-471

tral Africa show the opposite effect, whereby increased tree cover negatively correlates472

with air temperature and hence the cooling effect of evapotranspiration dominates. Fur-473

thermore, in the sub-tropical and boreal regions of eastern North America, the correla-474

tion is negative, indicating that as forest cover increases, temperature decreases.475

The net effect of growing trees in the tropical regions is that it causes localized warm-476

ing at the extreme ends of the temperature distributions. For specific grid points with477

large changes from grass to tree biomes, the distribution of summer daily maximum sur-478

face air temperature for both the forestation and reference simulations are shown in Fig-479

ure 9. The Amazon grid-point features changes in mostly C4 grass to evergreen broad480

leaf forest, representing an increase in tree cover fraction of 60%. This corresponds to481

a statistically significant change in the distribution, particularly for temperatures greater482

than 50 � (Figure 9b).483

The increase in the high end of the temperature distributions in response to foresta-484

tion are not consistent for all regions. For example, the large increase in forest cover for485

the grid point in Asia corresponds to a decrease in days greater than 23 �, while tem-486

peratures 17–23 � increase (Figure 9d), as the distribution gets narrower with foresta-487

tion. The changes in daily maximum temperature at the lower end of the distribution488

in response to forestation are much more regionally consistent, showing a decrease in cooler489

than average days for both the Amazon grid point and the Asia Grid point.490

Some regions show decreases in surface air temperature in response to increasing491

tree cover. Of particular note is North America which features a large transition from492

C3 crops to deciduous broadleaf (Figure 9e). In ACCESS-ESM1-5, deciduous broad leaf493

forests have the highest reflectance of all the PFTs. The resulting distribution shows de-494

creases in the number of warm days and increased cool days in the forestation experi-495

ment (Figure 9f).496

These results include both biogeochemical and biogeophysical effects of forestation497

on climate. Unfortunately, a biogeochemical-biogeophysical separation of the climate im-498

pacts of forestation cannot be made with the simulations available in LUMIP and C4MIP499

alone. To address this, future studies on forestation scenarios should include a correspond-500

ing concentration-driven simulation that uses the CO2 concentrations from a forestation501
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Figure 8. Correlation of ensemble mean 2 m surface air temperature difference with tree

cover fraction difference (both esm-ssp585-ssp126Lu - esm-ssp585 ) in ACCESS-ESM1-5. Only

statistically significant correlations at the 5% level are shown.
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simulations with fully interactive carbon cycle, so that at least a biogeochemical-biogeophysical502

separation can be made.503

4 Concluding remarks504

We conducted a multi-model intercomparison of a scenario for forestation as a means505

of CO2 removal. This forestation scenario features high fossil fuel emissions, a much warmer506

climate and moderate forestation and agricultural abandonment. The models show a di-507

verse interpretation of the spatial patterns of forestation, and as a result, show a large508

range of outcomes for long-term carbon storage in forests. Four models show a stable509

but limited carbon sink by 2100, while two models show that the mitigation gains from510

forestation in the middle of the century will be mostly lost by 2100 under such a high511

warming scenario.512

The change in atmospheric CO2 concentrations from forestation only accounts for513

0.7–3% of the reduction required to return the SSP5-8.5 concentrations at 2100 to those514

at 2010. Hence, the models indicate that this amount of forestation results in only a small515

impact on global climate when combined with high fossil fuel emissions. The forestation516

also causes a shift in the global carbon balance, whereby increased uptake of carbon on517

the land of ∼25 Pg C by 2100 results in a decrease in the uptake of carbon by the ocean518

in the ACCESS-ESM1-5 ensemble. Furthermore, ACCESS-ESM1-5 simulations show some519

increases in local-scale temperatures in locations where forestation occurs, while other520

regions show cooling. However, a key limitation of the experimental design of this study521

is that we cannot further decompose the ensemble spread of all the models into biogeo-522

chemical, and local/non-local biogeophysical components without additional simulations,523

such as those in Winckler, Lejeune, et al. (2019).524

The scenario used in this study is specific to a world of extreme CO2 emissions and525

does not consider the case where a significant reduction in fossil fuel emissions occurs.526

It is therefore still unclear how much more or less carbon would be sequestered by the527

terrestrial ecosystem under a cooler climate that would occur in conjunction with the528

expected emissions reduction efforts in the future. Therefore, future studies should aim529

to explore the effects of forestation for climate states under different target warming lev-530

els that are consistent with the Paris Agreement (for example King et al., 2021).531

While the model projections in this study show that the modest amount of foresta-532

tion under a very high emissions scenario has limited climate mitigation potential, this533

does not mean that forestation should not play a role in climate mitigation. Despite the534

limits, we also stress the importance of forestation on the local climate, since the impact535

of cooling or warming from forest expansion can affect extreme temperatures which can536

vary greatly by region. In addition to climate benefits, forestation and forest manage-537

ment provide a broad range of co-benefits such as increased habitat, biodiversity and soil538

protection, and many of these features are not yet simulated in Earth system models,539

nor is the additional benefit of these ecosystem services accounted for in climate poli-540

cies. For forestation to be an efficient long-term CO2 removal strategy, it must also ex-541

ist in conjunction with other strategies. By first regrowing forests for the purpose of CO2542

removal, forestation increases the natural land-based carbon and enables further devel-543

opment and supply of feedstock for human activity, including for climate mitigation (Geng544

et al., 2017). Forests that are sustainably harvested and regrown to remove CO2 act as545

low-risk and cost-effective long-term carbon sinks, both in soils and in harvested wood546

products (Schulze et al., 2020; Soimakallio et al., 2021). Vegetation carbon may be lost547

in individual natural disturbance events such as fires, but the historically removed car-548

bon remains locked. None of the models in this study (and very few in general) fully im-549

plement nature- and technology-based removal strategies, and therefore do not account550

for forest plantations, for example, to be further leveraged as in bio-energy sources along551

with carbon capture and storage. Since forestation (in particular forest management)552
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Figure 9. Cover fractions of plant functional types for ACCESS-ESM1-5 in esm-ssp585-

ssp126Lu (a,c,e) for one selected grid point at the three locations marked in Fig. 1c (Eastern

North America (275◦E,37.5◦N), East Asia (99.375◦E,32.5◦N) and Amazonia (311.25◦E,-12.5◦N)).

Distributions of summer time (June–August or December–February) maximum daily tempera-

ture for the last 20 years (b,d,f) of esm-ssp585-ssp126Lu (forestation) (green) and esm-ssp585

(reference) (yellow).
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and bio-energy usage are key assumptions of many low-emissions SSP scenarios to re-553

place fossil fuels, implementing them in the Earth system modeling context is important554

for future research, along with more emphasis on the evaluation of different land-based555

mitigation pathways in low emission scenarios.556

Acronyms557

C4MIP Coupled Climate-Carbon Cycle Model Intercomparrison Project558

CMIP6 Climate Model Intercomparrison 6559

DECK Diagnostic, Evaluation and Characterization of Klima560

LUH2 Land-Use Harmonization version 2561

LUMIP Land-Use Model Intercomparrison Project562

PFT Plant functional type563

RCP Representative Concentration Pathway564

SSP Shared socio-economic pathway565

SSP5-8.5 High fossil fuel emissions scenario566

SSP1-2.6 Low fossil fuel emissions scenario with moderate forestation567

TCR Transient climate response568
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Davin, E. L., & de Noblet-Ducoudré, N. (2010, January). Climatic Impact of Global-652

Scale Deforestation: Radiative versus Nonradiative Processes. Journal of Cli-653

mate, 23 (1), 97–112. Retrieved 2022-10-13, from http://journals.ametsoc654

.org/doi/10.1175/2009JCLI3102.1 doi: 10.1175/2009JCLI3102.1655

De Hertog, S. J., Havermann, F., Vanderkelen, I., Guo, S., Luo, F., Manola, I., . . .656

Thiery, W. (2022, February). The biogeophysical effects of idealized land cover657

and land management changes in Earth System Models. Earth System Dynam-658

ics. Retrieved 2022-09-14, from https://esd.copernicus.org/preprints/659

esd-2022-5/ doi: 10.5194/esd-2022-5660

Di Vittorio, A. V., Chini, L. P., Bond-Lamberty, B., Mao, J., Shi, X., Truesdale, J.,661

. . . Thomson, A. (2014, November). From land use to land cover: restoring the662

afforestation signal in a coupled integrated assessment–earth system model and663

the implications for CMIP5 RCP simulations. Biogeosciences, 11 (22), 6435–664

6450. Retrieved 2023-04-13, from https://bg.copernicus.org/articles/11/665

6435/2014/ doi: 10.5194/bg-11-6435-2014666

Dunne, J. P., Horowitz, L. W., Adcroft, A. J., Ginoux, P., Held, I. M., John, J. G.,667

. . . Zhao, M. (2020, November). The GFDL Earth System Model Version668

4.1 (GFDL-ESM 4.1): Overall Coupled Model Description and Simulation669

Characteristics. Journal of Advances in Modeling Earth Systems, 12 (11). Re-670

trieved 2022-10-14, from https://onlinelibrary.wiley.com/doi/10.1029/671

2019MS002015 doi: 10.1029/2019MS002015672

Eyring, V., Bony, S., Meehl, G. A., Senior, C. A., Stevens, B., Stouffer, R. J., &673

Taylor, K. E. (2016, May). Overview of the Coupled Model Intercom-674

parison Project Phase 6 (CMIP6) experimental design and organization.675

Geoscientific Model Development , 9 (5), 1937–1958. Retrieved 2022-04-676

07, from https://gmd.copernicus.org/articles/9/1937/2016/ doi:677

10.5194/gmd-9-1937-2016678

FAO. (2020). Global Forest Resources Assessment 2020. Author. Retrieved 2023-679

01-06, from http://www.fao.org/documents/card/en/c/ca9825en doi: 10680

.4060/ca9825en681

Fisher, R. A., Koven, C. D., Anderegg, W. R. L., Christoffersen, B. O., Dietze,682

M. C., Farrior, C. E., . . . Moorcroft, P. R. (2018, January). Vegetation683

demographics in Earth System Models: A review of progress and priori-684

ties. Global Change Biology , 24 (1), 35–54. Retrieved 2022-10-24, from685

https://onlinelibrary.wiley.com/doi/10.1111/gcb.13910 doi:686

10.1111/gcb.13910687

Friedlingstein, P., Jones, M. W., O’Sullivan, M., Andrew, R. M., Bakker, D. C. E.,688

Hauck, J., . . . Zeng, J. (2022, April). Global Carbon Budget 2021.689

Earth System Science Data, 14 (4), 1917–2005. Retrieved 2022-10-13,690

from https://essd.copernicus.org/articles/14/1917/2022/ doi:691

10.5194/essd-14-1917-2022692

Geng, A., Yang, H., Chen, J., & Hong, Y. (2017, December). Review of carbon693

storage function of harvested wood products and the potential of wood sub-694

stitution in greenhouse gas mitigation. Forest Policy and Economics, 85 ,695

192–200. Retrieved 2023-04-27, from https://linkinghub.elsevier.com/696

retrieve/pii/S1389934116302179 doi: 10.1016/j.forpol.2017.08.007697

Gitz, V., & Ciais, P. (2003, March). Amplifying effects of land-use change on fu-698

ture atmospheric CO 2 levels: AMPLIFYING LAND-USE EFFECTS ON699

ATMOSPHERIC CO 2 LEVELS. Global Biogeochemical Cycles, 17 (1). Re-700

trieved 2023-01-24, from http://doi.wiley.com/10.1029/2002GB001963 doi:701

10.1029/2002GB001963702

Griscom, B. W., Adams, J., Ellis, P. W., Houghton, R. A., Lomax, G., Miteva,703

D. A., . . . Fargione, J. (2017, October). Natural climate solutions. Proceedings704

of the National Academy of Sciences, 114 (44), 11645–11650. Retrieved 2022-705

07-05, from https://pnas.org/doi/full/10.1073/pnas.1710465114 doi:706

–24–



manuscript submitted to JGR: Biogeosciences

10.1073/pnas.1710465114707

Hajima, T., Watanabe, M., Yamamoto, A., Tatebe, H., Noguchi, M. A., Abe, M.,708

. . . Kawamiya, M. (2020, May). Development of the MIROC-ES2L Earth709

system model and the evaluation of biogeochemical processes and feedbacks.710

Geoscientific Model Development , 13 (5), 2197–2244. Retrieved 2022-08-711

29, from https://gmd.copernicus.org/articles/13/2197/2020/ doi:712

10.5194/gmd-13-2197-2020713

Harman, I., Bodman, R., Dix, M., & Srbinovsky, J. (2019). CABLE within714

ACCESS-CM2 (Tech. Rep.). Canberra and Melbourne: CSIRO. Retrieved715

from https://trac.nci.org.au/trac/cable/raw-attachment/wiki/716

CableDocuments/Harman 2019 CoE final report revised.pdf717

Hong, T., Wu, J., Kang, X., Yuan, M., & Duan, L. (2022, June). Impacts of Dif-718

ferent Land Use Scenarios on Future Global and Regional Climate Extremes.719

Atmosphere, 13 (6), 995. Retrieved 2022-08-03, from https://www.mdpi.com/720

2073-4433/13/6/995 doi: 10.3390/atmos13060995721

House, J. I., Colin Prentice, I., & Le Quéré, C. (2002, November). Maximum722
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