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Supplementary Note 1 Literature review methods
The scope for the literature in this review includes studies that predict or project fire characteristics
(e.g., burned area, biomass burning emissions, fire risk, etc) out to the 2050-2100 time frame, globally
or regionally, and the publications that include those models’ historical evaluation. Additional fire char-
acteristics like changing intensity of fires, fire season length, frequency of fires, etc are discussed when
the studies provide them. These typically come from LSMs, ESMs, and statistical or ML models. There
are other types of models that have published future fire projections, which were usually highly region-
specific models, such as forest management models (e.g. [1–3]), but we consider those beyond the scope
of this review. Also beyond the scope of this review are modelling frameworks which are used only to
simulate historical or present day fires. Those include dozens of chemical transport models and regional
air quality models, for which other reviews and publications have covered their results (e.g. [4–7]). An
active field of research is using future meteorology from climate models as drivers of CTM simulations,
but this is not the focus of the current review.

To find papers within the scope of the review, keyword searches using Scopus, Web of Science,
and Google Scholar included (“earth system model*" OR “ESM") AND (“future" OR “predict*" OR
“project*" OR “scenario*") AND (“climate change" OR “global warming") AND (“biomass burning" OR
“fire" OR “burned area"), changing the model type and fire parameters as needed. We also used Google
Scholar Labs with natural language prompts to assist with generating a more curated collection of
publications. In total, we compiled and organized ∼360 papers for this review. ∼105 are categorized for
background information on observed wildfire-climate processes (Section 2), ∼64 are used for describing
and evaluating different models (Section 3), and ∼103 cover the main scope of projecting future wildfires
(Section 4). The remaining papers include studies on model inter-comparisons, limitations, and other
background material.

Table S1 summarizes the number of publications found for each model type, including model descrip-
tion/evaluation and future projection papers. There has been a shift from computing fire danger indices
from ESMs’ meteorological output to prognostically simulating fires themselves in ESMs. These are
reflected in the two rows for ESMs in Table S1.

Table S1: Number of papers found from different
modelling types

Type of model number of papers time span of papers
LSM 34 2005-2026
ESM prognostic 15 2014-2025
ESM fire indices 38 1994-2026
Stat/ML 59 1994-2026
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Supplementary Note 2 Modelling systems
The fire modelling systems in this paper are often complex and overlapping. Here we spell out model
acronyms (Table S2), and compile the different combinations of LSMs, their fire modules, and the ESMs
they are embedded in (Table S3). We also include a table summarizing the various ML/stat model
studies, highlighting the different ML methods used and regions they applied to (Table S4).

Table S2: Model acronyms
Acronym full model name
ESMs
AWI-ESM-1-1-LR Alfred Wegener Institute Earth System Model
CanESM Canadian Earth System Model
CESM2 Community Earth System Model version 2
CESM-WACCM CESM-Whole Atmosphere Community Climate Model
CMCC-CM2-SR5 / CMCC-ESM2 Euro-Mediterranean Center on Climate Change models
CNRM-ESM2-1 Centre National de Recherches Météorologiques Earth System Model
E3SM-1-1 / E3SM-1-1-ECA Energy Exascale Earth System Model
EC-Earth3-* European community Earth system model
GISS E2.1 Goddard Institute for Space Studies ModelE ESM
GFDL-ESM4 Geophysical Fluid Dynamics Laboratory Earth System Model
MPI-ESM1-2-* Max Planck Institute Earth System Model
MRI-ESM2-0 Meteorological Research Institute Earth System Model
NorCPM1 Norwegian Climate Prediction Model
NorESM2-* Norwegian Earth System Model
TaiESM1-0 Taiwan Earth System Model
UKESM United Kingdom Earth System Model
Land Surface Models (LSMs)
CLASSIC Canadian Land Surface Scheme including Biogeochemical Cycles
CLASS/CTEM Canadian Land Surface Scheme/Canadian Terrestrial Ecosystem Model
CLM Community Land Model
ELM E3SM Land Model
ED Ecosystem Demography
HAL1 Hydrology Atmosphere Landsurface, Haru (Japanese for spring)
ISBA-CTRIP Interactions between Soil, Biosphere, and Atmosphere -

Total Runoff Integrating Pathways
JSBACH3.2 Jena Scheme for Biosphere-Atmosphere Coupling in Hamburg
JULES Joint UK Land Environment Simulator
LPJ-GUESS Lund-Potsdam-Jena General Ecosystem Simulator
LM4.1 Land Model v4.1
MC2 Map-and-Cell dynamic global vegetation model
ORCHIDEE Organizing Carbon and Hydrology in Dynamic Ecosystems
Fire Modules/Schemes
FINAL The FIre model with coNstrained burn area and fire carbon emissions
GlobFIRM The Global Fire Model
INFERNO INteractive Fire and Emission algoRithm for Natural environments
Li from Li et al. [8, 9, 10]
pyrE pyr (Greek for fire), E for GISS model E
RESFire Region-specific ecosystem feedback fire model
SPITFIRE The SPread and InTensity of FIRE model

2.1 Machine Learning (ML) methods
The landscape of fire ML modelling now encompasses a broad range of methodologies, from traditional
statistical regressions to sophisticated deep learning architectures. Traditional statistical approaches,
such as Multiple Linear Regression (MLR), Logistic Regression, Generalized Additive Models (GAM),
and Multivariate Adaptive Regression Splines (MARS), remain benchmarks due to their capability
in forecasting fire-danger probabilities [49–52]. To capture non-linear relationships, researchers have
widely adopted ensemble ML methods like Random Forest (RF), Support Vector Machines (SVM), and
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Table S3: LSMs with process-based fire representation and key references for evaluation, intercom-
parison, and future projections. Also, when applicable, the ESM they are used in. All model acronyms
are in Table S2.

LSM fire module evaluation/ future used in ESM
intercomparison projections

LPJ SPITFIRE [11] [1] MPI-ESM
SEVER-FIRE [1] N/A

LPJ [12] [13] [14] ModelE2-YIBs, GISS GCM3 [13]
LPJ HAL[15] [16] MRI-ESM
LPJ-GUESS SPITFIRE[17], [18, 19] [11, 20] MPI-ESM[16, 21]

SIMFIRE-BLAZE, N/A
GlobFiRM [19] CNRM-ESM2-1, EC-Earth3[21]

LPJ mL-SPITFIRE or LMfire [22] [11, 23] MPI-ESM
CLM CLM-CN, [8, 18, 19, 24] [25–28] NorESM, CCSM4

CLM-Fire
Li et al fire CESM [29]
RESFire [30] CESM

MC2 built-in fire disturbance [18, 19] [31] MC2 ESM
ORCHIDEE SPITFIRE [18, 19] ... IPSL-ESM
JSBACH SPITFIRE [19, 32, 33] [32, 34] MPI-ESM, ECHAM-HAM
JULES INFERNO [18, 19, 35] [36] UKESM [37]
CABLE CABLE-POP+fire
CTEM/CLASSIC built-in fire disturbance [18, 19, 38–40] [41] CanESM [42]
ED2 built-in fire disturbance
LM4.1 FINAL[43], ED [44] [45] GFDL-ESM[16, 21]

pyrE [46] GISS E2.1
YIBS [12] [47] [48] in GISS ModelE2-YIBS

Extreme Gradient Boosting (XGBoost) [53–55]. Furthermore, hybrid systems like the Adaptive Neuro-
Fuzzy Inference System (ANFIS) and deep learning emulators (e.g., Convolutional Neural Networks
(CNNs)) are increasingly used to handle the spatiotemporal complexities of fire spread while operating
significantly faster than conventional physics-based simulations [56–58]. More complex architectures are
also emerging, such as Attention-Fire models utilizing Long Short-Term Memory (LSTM) networks
to adaptively weight important drivers over time [59], and hybrid systems that use ML to diagnose
deficiencies in process-based Dynamic Global Vegetation Models (DGVMs) [60, 61].

Common inputs to ML models include temperature, precipitation, relative humidity, vapour pressure
deficit, fire weather indices, fuel availability, biomass, topography, population density, road networks,
and land use [51, 53, 56, 59, 62–64].

The best performance among ML models is reported for “optimized ensemble ML models” which
combine multiple ML models through regionally-varying weighted averages. These models demonstrate
significantly higher accuracy in reproducing annual dynamics, long-term declining trends, and annual
variations of fire number, size, and burned area, compared to traditional process-based models [91].

Supplementary Note 3 Fire-related indices
The publications in Section 4.2.2 compute the fire-related indices listed in Table S5 using ESM outputs.

Supplementary Note 4 Future scenarios

The Special Report on Emissions Scenarios (SRES) future scenarios were socioeconomic storylines, with
the A1 family of scenarios including rapid economic grown, peak population in mid-century, and fast
technology development. The A1FI is for fossil-fuel intensive, A1T for non-fossil energy sources, and A1B
for a balance of all sources. The A2 scenario is a high emissions scenario because of its large population
growth and slow technological change. The B1 scenario was an optimistic storyline with lower emissions
due to a transition to cleaner energy/technology [115].
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Table S4: ML or statistical models that have provided future projections. RF=random forest,
NN=neural network, DNN=deep NN, ANN=artificial NN, CNN=convolution NN, MARS=multivariate
adaptive regression splines, XGBoost=extreme gradient boosting, BRT=boosted regression trees,
AUC=area under curve, SEM=simple ensemble mean, GBM=gradient boosting decision tree,
GLM=generalized linear model, GEE=generalized estimating equation, MLR=multiple linear regres-
sion, NSM=non-stationary model, BMA=bayesian model averaging

Model or evaluation/ region fire metric
model type intercomparison
RF[65] compared with XGBoost and SVM[65] probability
LightGBM[66] BA, risk
RF[67] global emissions, occurrence
RF[68] compared with XGBoost[68] global ignition probability
SEM[69] global danger
DNN[70] [70] global
BMA[71] global
RF[54] compared with XGBoost[54] global
RF[72] global emissions
ML[73] global
MaxEnt[74] evaluation using AUC and global probability, frequency

comparison to climate models
Light GBM China frequency, intensity
RF[75] compared to SEM[75] northeast China season length
FLAM-Net South Korea
MARS[76] [76], compared with MLR boreal North America

and RF[51]
[77] Canada
CanLEAD-FWI[78] Canada danger, season length
downscaling[79] western Canada fire days, FWI
ANN U.S. emissions
PC2FM U.S. frequency, probability
GEE[80] compared to GLM[80] U.S. risk, season length
MLR[81] western U.S. emissions
CNN[82] western U.S.
RF, BRT[83] western U.S. BA, frequency
regression[84] western U.S. season length, emissions
RF[85] evaluated with AUC[85] Southern California fire days, season length
[64] European Alps danger
NSM[86] Mediterranean Europe BA
RF[51] compared to MLR and MARS[51] Mediterranean Europe
GAM[52] [52] Mediterranean Europe danger, emissions
downscaling[87] Iberian Peninsula
[88] Greece fire season
ML, MaxEnt[89] compared to AUC[89] Amazon probability, risk
[90] Brazilian Cerrado danger
AttentionFire_v1.0[59] compared with LSTM, ANN, tropics BA, emissions
RF, DNN DT, and GBDT[59]

The Representative Concentration Pathways (RCPs) are GHG concentration trajectories that result
in radiative forcing levels (W/m2) by 2100. These include RCP2.6 (low emissions), RCP4.5 (intermediate
with emissions’ peak around 2040), RCP6.0 (emissions stabilizing after 2100), RCP8.5 (high emissions,
worse-case scenario).

The Shared Socio-economic Pathways (SSPs) represent future global developments out to 2100,
and include SSP1 (sustainable), SSP2 (business as usual), SSP3 (regional rivalry), SSP4 (inequality),
and SSP5 (fossil-fuel development). When combined with RCPs, the approximate radiative forcing and
temperature levels in 2100 are estimated. E.g. SSP1-1.9 (∼1.4◦C warming), SSP1-2.6 (∼1.8◦C), SSP2-4.5
(∼2.7◦C), SSP3-7.0 (∼3.6◦C), SSP5-8.5 (∼4.4◦C).

These future scenarios for CMIP projects are commonly the basis for future fire projections, and
when we synthesize the results from the literature, we group SRES, RCP and SSP results into "low"
(A1T, B1, RCP2.6, SSP1-2.6), "moderate" (A1B, RCP4.5, SSP2-4.5), and "severe" (A1FI, A2, RCP6,
RCP8.5, SSP3-7.0, SSP5-8.5). Note that the 7 new scenarios for CMIP7 have similar names [116] (high,
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Table S5: Description of fire-related indices
Keetch-Byram drought index (KBDI), a measure of soil moisture deficit, and a proxy for wildfire potential in [27, 92–94]
McArthur Forest Fire Danger Index (FFDI), an empirically derived
weather-based index common in Australia and tropical regions [27, 95, 96]
Modified Nesterov Index (MNI), a meteorological fire-danger index used in Russia
and Central Asia, and calculated from temperature, dew point, and precipitation [97]
Canadian Forest Fire Weather Index (FWI, [98]), an indicator of fire intensity
based on meteorological conditions (used in [69, 77, 88, 99–104]), which includes components:
–Fine fuel moisture code (FFMC),
–Duff moisture code (DMC),
–drought code (DC), which track moisture in different forest floor layers (and used in [78, 103, 105–107])
–Initial spread index (ISI) for fire spread rate, based on winds, and,
–Buildup Index (BUI) for total fuel available ([78, 106, 108, 109]
Severity ratings, such as daily, monthly, and seasonal severity rating (DSR, MSR, SSR), used to
weight higher FWI values and indicate greater suppression difficulty. Also cumulative severity
rating (CSR) a weighted count of the number of days that are considered severe in a fire season [78, 99, 104, 107, 110, 111].
Potential spread days (PSD)
Extreme fire weather days (FWI exceeding the 95th percentile)
Fire season length (FSL) [79, 100, 103]
Fire potential, based on KBDI, as well as maximum temperature and precipitation [92],
also used in Chile and Brazil to estimate hazard based on drought factors [112].
Fire probability, such as burn probability, conditional burn probability, and conditional flame length all are used to simulate
fire spread and intensity [88, 113], and fire relative probability used in the Amazon for monthly fire occurrence [114].
Fire intensity describes how much energy a fire releases [111].

medium, medium-to-low, low, very low, and low-to-negative), but at the time of this publication, model
results for fires are not yet available for those new scenarios.

Supplementary Note 5 Future fire projection data

The future fire projection data from the literature appear in Figures 4 (quantitative data on burned area
and fire emissions from global studies) and Figure 5 (represented quantitative data from any fire metric
from regional studies) of the main paper. Table S6 contains more details on where the data in Figures
4-5 came from, as well as additional quantitative data from the literature that was not possible to add
to those figures.

Table S6: Quantitative data from the literature on future fire projections (end of century vs present
day values), and, when possible, which figure in the main manuscript the data are represented in.
Ref fire metric scenario region reported data percent

change
figure notes

[69] risk low global future: 28.95,
present: 27.82

+4.06% N/A FWI (fwisa)

[69] risk moderate global future: 30.13,
present: 27.82

+8.30% N/A

[69] risk high global future: 31.69,
present: 27.82

+13.91% N/A

[69] risk high global future: 32.92,
present: 27.82

+18.33% N/A

[103] risk high global +66.00% +66.00% N/A mean fire
weather
increase in
frequency and
duration
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Ref fire metric scenario region reported data percent
change

figure notes

[68] risk moderate global +50.00% +50.00% N/A lightning
ignition risk

[117] risk severe global +29.00% +29.00% N/A global area
with frequent
fire prone
conditions

[118] risk low global future: 20%,
present: 10%

+100% N/A % increase in
fire activity
above
preindustrial
mean
estimated
from Fig 2a

[118] risk moderate global future: 35%,
present: 10%

+250% N/A

[118] risk severe global future: 14%,
present: 10%

+40% N/A

[20] emissions moderate global future: 1.31 PgCyr-1,
1.27 PgCyr-1, 1.22
PgCyr-1, 1.17
PgCyr-1, 1.11
PgCyr-1; present:
1.28 PgCyr-1

-4.69% Fig 4

[20] emissions severe global future: 1.43 PgCyr-1,
1.39 PgCyr-1, 1.33
PgCyr-1, 1.28
PgCyr-1, 1.22
PgCyr-1; present:
1.28 PgCyr-1

+3.91% Fig 4

[67] emissions moderate global future: 2.4 PgCyr-1,
present: 2.0 PgCyr-1

+20% Fig 4

[67] emissions severe global future: 3 PgCyr-1,
present: 2.0 PgCyr-1

+50% Fig 4

[28] emissions low global future: 2535 Tgyr-1,
present: 2017 Tgyr-1

+25.68% Fig 4

[28] emissions severe global future: 2552 Tgyr-1,
present: 2017 Tgyr-1

+26.52% Fig 4

[45] emissions low global +8% +8% Fig 4
[45] emissions moderate global +52% +52% Fig 4
[45] emissions severe global +57% +57% Fig 4
[72] emissions severe global future: 4.0 x 103

Tgyr-1, present: 2.7
x 103 Tgyr-1

+48.2% Fig 4

[72] emissions severe global future: 2.8 x 103

Tgyr-1, present: 2.0
x 103 Tgyr-1

+40% Fig 4

[25] emissions moderate global +17% +17% Fig 4
[25] emissions moderate global +62% +62% Fig 4
[48] emissions low global 10-15.4% +12.67% Fig 4 1.5C warming,

averaged all
species
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Ref fire metric scenario region reported data percent
change

figure notes

[48] emissions moderate global 15.1-22.5% 18% Fig 4 2C warming,
average for all
species

[42] burned area moderate global +0.70% +0.70% Fig 4 prognostic
lightning

[42] burned area severe global +26% +26% Fig 4 prognostic
lightning

[42] burned area moderate global +7.8% +7.8% Fig 4 climatological
lightning

[42] burned area severe global +42% +42% Fig 4 climatological
lightning

[77] burned area low global +0.32 km2yr-1,
present: 305 km2

+8.91% Fig 4 present-day
values
estimated
from Fig 13

[77] burned area severe global +0.27 km2yr-1,
present: 305 km2

+7.52% Fig 4

[77] burned area severe global +0.89 km2yr-1,
present: 305 km2

+24.80% Fig 4

[67] burned area moderate global -6.0 Mha yr-2,
present: 466.6
Mha yr-1

-108% Fig 4

[67] burned area severe global +0.8 Mha yr-1 +16.00% Fig 4
[28] burned area low global +0.73 Mkm2,

present: 5.2 Mkm2

yr-1

+14.04% Fig 4 present-day
values
estimated
from Fig 2a

[28] burned area severe global +0.68 Mkm2 ,
present: 5.2 Mkm2

yr-1

+13.08% Fig 4

[1] burned area low global -0.03 Mha yr-2,
present: -4.85 Mha
yr-2

0% Fig 4

[1] burned area moderate global -1.69 Mha yr-2,
present: -4.85 Mha
yr-2

-20% Fig 4

[1] burned area severe global -0.58 Mha yr-2,
present: -4.85 Mha
yr-2

-10% Fig 4

[1] burned area severe global +0.88 Mha yr-2,
present: -4.85 Mha
yr-2

+11% Fig 4

[119] burned area low global future: 578.5 Mha,
present: 587.6 Mha,
-1.6%

-1.6 % Fig 4

[119] burned area low global future: 591.0 Mha,
present: 587.6 Mha,
+0.6%

+0.6% Fig 4

[119] burned area low global future: 606.8 Mha,
present: 587.6 Mha,
+3.3%

+3.3% Fig 4
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Ref fire metric scenario region reported data percent
change

figure notes

[119] burned area severe global future: 848.6 Mha,
present: 587.6 Mha,
+44.4%

+44.4% Fig 4

[119] burned area severe global future: 875.7 Mha,
present: 587.6 Mha,
+49.0%

+49.0% Fig 4

[70] burned area low global future: 465.86 Mha,
present: 326.83 Mha

+42% Fig 4

[70] burned area moderate global future: 507.46 Mha,
present: 326.83 Mha

+55% Fig 4

[70] burned area severe global future: 617.43 Mha,
present: 326.83 Mha

+89% Fig 4

[70] burned area severe global future: 695.24 Mha,
present: 326.83 Mha

+113% Fig 4

[65] burned area low global +5.50% +5.50% Fig 4
[65] burned area moderate global +9.30% +9.30% Fig 4
[65] burned area severe global +13.20% +13.20% Fig 4
[65] burned area severe global +16.10% +16.10% Fig 4
[120] burned area moderate global future: 2.89 Mkm2,

present: 3.43 Mkm2
-15.74% Fig 4

[120] burned area moderate global future: 3.16 Mkm2,
present: 3.43 km2

-7.9% Fig 4

[120] burned area severe global future: 3.16 Mkm2,
present: 3.43 km2

-7.9% Fig 4

[120] burned area severe global future: 3.42 Mkm2,
present: 3.43 Mkm2

-0.3% Fig 4

[34] fire season
length

severe Fennoscandia +52 days +50% Fig 5

[34] fire season
length

moderate Fennoscandia +20 days +20% N/A

[11] burned area severe Europe 1.8 times increase
[41] burned area severe Canada future: 11.7 Mha,

present: 2.5 Mha
+414% Fig 5

[23] emissions moderate Western US
forests

+53% +53% wildfire smoke
PM
concentrations

[23] emissions severe Western US
forests

+100% +100%

[32] emissions low Tropics future: 0.78 Tgyr-1,
present: 1.11 Tg yr-1

-30% Fig 5 wildfire BC
emission fluxes

[32] emissions moderate Tropics future: 0.95 Tgyr-1,
present: 1.11 Tg yr-1

-14.4% Fig 5

[32] emissions moderate Tropics future: 0.70 Tgyr-1,
present: 1.11 Tg yr-1

-37% Fig 5

[25] emissions moderate Southern
Hemisphere
South
America

+0.20 TgCyr-1,
+0.57 TgCyr-1

Fig 5 results from
two models

[26] burned area moderate EU +39.2% +39.2% Fig 5
[26] emissions moderate EU +88.6% +88.6% Fig 5
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Ref fire metric scenario region reported data percent
change

figure notes

[31] mean fire
interval

moderate Pacific NW
USA

-38.9% -38.9% Fig 5 fire module
includes a fire
suppression
option

[31] mean fire
interval

severe Pacific NW
USA

-50.8% -50.8% Fig 5

[31] burned area moderate Pacific NW
USA

+16.1% +16.1% Fig 5

[31] burned area severe Pacific NW
USA

+18.6% +18.6% Fig 5

[42] burned area moderate Northern
mid-
latitudes

+7.8% +7.8% Fig 5 climatological
lightning

[42] burned area moderate Northern
mid-
latitudes

+15% +15% Fig 5 prognostic
lightning

[42] burned area severe Northern
mid-
latitudes

+16% +16% Fig 5 climatological
lightning

[42] burned area severe Northern
mid-
latitudes

+48% +48% Fig 5 prognostic
lightning

[42] burned area moderate Tropics +7% +7% Fig 5 climatological
lightning

[42] burned area moderate Tropics -1.5% -1.5% Fig 5 prognostic
lightning

[42] burned area severe Tropics +41% +41% Fig 5 climatological
lightning

[42] burned area severe Tropics +23% +23% Fig 5 prognostic
lightning

[42] burned area moderate Arctic +15% +15% Fig 5 climatological
lightning

[42] burned area moderate Arctic -21% -21% Fig 5 prognostic
lightning

[42] burned area severe Arctic +132% +132% Fig 5 climatological
lightning

[42] burned area severe Arctic +5% +5% Fig 5 prognostic
lightning

[78] Changes in
FFMC

low Canada +1.0% +1.0% N/A spatial mean
percent
difference of
95th percentile
of daily values
for MJJAS
season

[78] Changes in
FFMC

moderate Canada +1.5% +1.5% N/A

[78] Changes in
FFMC

severe Canada +2.4% +2.4% N/A

[96] seasonal
FWI

moderate Northern
California

+62.47% +62.47% Fig 5
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Ref fire metric scenario region reported data percent
change

figure notes

[96] seasonal
FWI

severe Northern
California

+63.63% +63.63% Fig 5

[96] seasonal
FWI

moderate Southern
California

+48.61% +48.61% Fig 5

[96] seasonal
FWI

severe Southern
California

+50.19% +50.19% Fig 5

[121] annual fire
occurrence

moderate Cascade
Range

+63% +63% N/A

[121] annual fire
occurrence

severe Cascade
Range

+122% +122% N/A

[121] annual fire
occurrence

moderate Coastal CA
Mountains

+38% +38% N/A

[121] annual fire
occurrence

severe Coastal CA
Mountains

+67% +67% N/A

[122] FFMC low Eastern
Canada

future: 79.0, present:
79.5

-0.6% Fig 5

[122] FFMC moderate Eastern
Canada

future: 79.5, present:
79.5

0% Fig 5

[122] FFMC severe Eastern
Canada

future: 80.9, present:
79.5

+1.8% Fig 5

[90] risk low Brazilian
Cerrado

future: 14.83,
present: 13.58

+9.20% Fig 5 Corrected fire
season
averaged DSR

[90] risk moderate Brazilian
Cerrado

future: 17.05,
present: 13.58

+25.55% Fig 5

[90] risk severe Brazilian
Cerrado

future: 21.11,
present: 13.58

+55.45% Fig 5

[90] burned area low Brazilian
Cerrado

future: 9.01 Mha,
present: 8.11 Mha

-11.10% Fig 5

[90] burned area moderate Brazilian
Cerrado

future: 11.27 Mha,
present: 8.11 Mha

+38.96% Fig 5

[90] burned area severe Brazilian
Cerrado

future: 15.82 Mha,
present: 8.11 Mha

+95.07% Fig 5

[97] risk low Central Asia +32% +32% Fig 5
[97] risk moderate Central Asia +84% +84% Fig 5
[97] risk severe Central Asia +146% +146% Fig 5
[110] risk moderate Canada,

Russia
2-3 times increase +100-

200%
Fig 5

[101] risk moderate Mediterranean
Basin

+14% +14% Fig 5 frequency of
heat-induced
fire-weather

[75] risk severe Northeast
China

+57.1% +57.1% N/A

[114] risk moderate Brazilian
Amazon

+21.3% +21.3% Fig 5 increase in
area with fire
relative
probability
(FRP) >= 0.3
(%)

[114] risk severe Brazilian
Amazon

+113.5% +113.5% Fig 5
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Ref fire metric scenario region reported data percent
change

figure notes

[88] risk moderate SW Greece future: 28.52,
present: 21.25

+34.2% N/A FWI averaged
across
6-month range

[87] burned area moderate Iberian
Peninsula

2-3 x increase +100-
200%

N/A

[102] risk moderate Contiguous
US

future: 47
days/year, present:
28.5 days/year

+64.91% Fig 5 number of
annual days of
synchronous
fire danger

[51] burned area low EU-
Mediterranean

future: 671346 ha,
present: 404113 ha

+66% Fig 5

[51] burned area severe EU-
Mediterranean

future: 969910 ha,
present: 404113 ha

+140% Fig 5

[51] risk low EU-
Mediterranean

future: 6.64, present:
5.3

+25% Fig 5 increase in
Seasonal
Severity
Rating (SSR)

[51] risk severe EU-
Mediterranean

future: 7.34, present:
5.3

+38% Fig 5

[85] large fire
days

moderate Southern
California

future: 58
days/year, present:
36 days/year

+61% N/A

[85] large fire
days

severe Southern
California

future: 71
days/year, present:
36 days/year

+97% N/A

[64] forest fire
hazard

low European
Alps

+15.5% +15.5% N/A

[64] forest fire
hazard

moderate European
Alps

+30.6% +30.6% N/A

[64] forest fire
hazard

severe European
Alps

+35.4% +35.4% N/A

[52] burned area low Mediterranean,
Chania
province

+18% +18% Fig 5

[52] burned area moderate Mediterranean,
Chania
province

+25% +25% Fig 5

[52] burned area severe Mediterranean,
Chania
province

+21% +21% Fig 5

[57] burned area severe Corisca +21% +21% N/A
[83] burned area moderate Western US future: 115.3 104 ha,

present: 96.5 104 ha
+116% N/A

[84] burned area moderate Western US future: 14059 km2,
present: 6508 km2

+19.5% N/A

[84] emissions moderate Western US future: 238 GgCyr-1,
present: 133 GgCyr-1

+78.9% N/A organic carbon
emissions

[62] burned area moderate Western US +54% +54% N/A mid-century
projections
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Ref fire metric scenario region reported data percent
change

figure notes

[62] emissions moderate Western US +40% +40% N/A organic carbon
aerosol
concentrations
increase

[123] risk across
scenar-
ios

China +60-70% +60-
70%

Fig 5 forest area
projected to
have increase
in fire
occurrence

[123] risk across
scenar-
ios

China +16.7% +16.7% Fig 5 average
increase in fire
occurrence

[123] burned area across
scenar-
ios

China +63-64% +63-
64%

Fig 5 average area
expected to
have an
increase in
burned area

[86] burned area low Mediterranean
Europe

+54% +54% Fig 5 stationary
model

[86] burned area moderate Mediterranean
Europe

+87% +87% Fig 5

[86] burned area severe Mediterranean
Europe

+187% +187% Fig 5

[76] burned area severe Alaska 4x increase per
decade

+40%
per year

Fig 5

[76] burned area severe Western
Canada

5.7x increase per
decade

+57%
per year

Fig 5

[81] emissions low Western
North
America

+81% +81% N/A averaged
across three
models

[81] emissions moderate Western
North
America

+122% +122% N/A

[81] emissions severe Western
North
America

+212% +212% N/A

[82] lightning-
ignited fire
days

Western
US

severe +2.13 days N/A average taken
across all
subregions

[113] fire
frequency

severe Southern
California,
central coast

-0.23 to +0.36
num/1000km2

N/A for
mid-century vs
present, range
from different
models

[113] fire
frequency

severe Southern
California,
southern
coast

-0.11 to +0.41
num/1000km2

N/A "

[113] fire size severe Southern
California,
central coast

-3.19 to +5.43 km2 N/A "
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Ref fire metric scenario region reported data percent
change

figure notes

[113] fire size severe Southern
California,
southern
coast

-3.07 to +04.28km2 N/A "
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