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ABSTRACT

Wildfires play a critical role in the Earth system, affecting climate, carbon cycling, air quality, and human livelihoods.
Phase 6 of the Coupled Model Intercomparison Project (CMIP6) provides multi-model simulations of historical and future
wildfire  carbon emissions,  yet  substantial  uncertainties  remain.  Here,  we evaluate  fire  carbon emissions  from 10 CMIP6
models  over  2003–23 using three  satellite-based datasets  (GFED, GFAS,  QFED) across  14 subregions.  The multi-model
ensemble  (MME)  largely  reproduces  the  spatial  patterns,  with  a  pattern  correlation  coefficient  of  0.64  and  normalized
standard deviation of 1.00, but overestimates emissions in most regions, particularly the tropics, leading to inflated global
totals. Only 5 out of 14 subregions show good agreement with observations. Seasonality is reasonably captured, with most
models simulating peak fire months within ±1 month. Sensitivity analysis reveals strong regional variation in fire responses
to near-surface air temperature (TAS) and surface soil moisture (SM). The MME correctly identifies TAS as the dominant
driver in most high and middle latitudes but misrepresents the relative influence of TAS and SM in key tropical regions.
Observationally, widespread declines in tropical fire emissions contribute to an overall  global decrease (−0.02 PgC yr−2),
but CMIP6 models fail  to capture these trends,  instead simulating spurious increases that drive unrealistic upward global
trends  (0.03  PgC  yr−2).  These  discrepancies  are  largely  attributable  to  inadequate  representation  of  anthropogenic  fire
suppression  and  overestimated  temperature  sensitivity.  Our  results  highlight  the  need  for  improved  fire-process
parameterizations to enhance the reliability of future projections of fire-related carbon emissions under climate change.
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Article Highlights:
• CMIP6 models largely capture spatial fire patterns but overestimate emissions, especially in the tropics, inflating global
totals.

• The MME identifies temperature as key in high latitudes but misrepresents temperature–soil moisture roles in the tropics.

• CMIP6 models simulate rising global fire emissions, contradicting observed declines from satellite-based products.
 

  

 1.    Introduction

Wildfires  are  natural  phenomena  that  significantly
impact global ecosystems. They burn approximately 348 mil-
lion  hectares  (Mha)  annually,  accounting  for  about  3%  of

the  global  land  surface  (Giglio  et al.,  2013; van  der  Werf
et al., 2017; Archibald et al., 2018). Wildfires affect the terres-
trial  carbon balance by releasing large quantities  of  carbon
dioxide (CO2), methane (CH4), and carbon monoxide (CO)
during  combustion  (Wang  et al.,  2020; Zheng  et al.,  2023;
Byrne  et al.,  2024)  while  altering  the  carbon  dynamics  in
post-fire vegetation (Flannigan et al., 2009). Every year, wild-
fires emit around 2.2 Pg of carbon into the atmosphere (van
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der Werf et al.,  2017),  highlighting their  critical role in the
global carbon cycle and their potential impacts on the climate
system.

Wildfire  activity  exhibits  strong  seasonal  cycles  and
interannual variability, driven by factors such as vegetation
productivity,  land  use  changes,  and  climate  extremes  (van
Marle  et al.,  2017).  In  particular,  climate  change  has  been
shown  to  intensify  fire  risk  by  altering  temperature,  while
increased lightning frequency further amplifies ignition likeli-
hood (Larjavaara et al., 2005; Westerling et al., 2006). More-
over, wildfire dynamics cannot be attributed to climatic con-
ditions  or  vegetation  productivity  in  isolation;  rather,  they
emerge from the intricate interplay among these and other bio-
physical factors (Jones et al., 2022). This complexity under-
scores  the  need  to  consider  multi-dimensional  influences
when analyzing fire  patterns.  Besides,  human activities  are
also particularly influential, as changes in land use, road net-
works,  and population  density  have been shown to  signifi-
cantly  affect  fire  occurrences  (Radeloff  et al.,  2005; Abat-
zoglou  and  Williams,  2016).  Thus,  human  actions  play  a
dual role—both as direct contributors to fire ignitions and as
indirect modifiers of fire regimes through land management
practices (Martínez et al., 2009).

The interaction between wildfires and climate change is
complex and bidirectional. Biogeophysical factors—such as
vegetation, topography, and weather conditions—affect fire
patterns  and  the  extent  of  burned  areas  (Padilla  and  Vega-
García,  2011).  For  example,  soil  and  weather  conditions
jointly determine fire ignition likelihood and spread potential
(Verdú et al., 2012; He et al., 2021). Warming climates exac-
erbate  wildfire  risk  by  drying  fuels  and  prolonging
droughts, as evidenced by the 2019/20 Black Summer bush-
fires in Southeast Australia, which were fueled by unprece-
dented heat and dryness (Abram et al., 2021).

Human-induced climate change has become a dominant
factor in the increasing frequency and intensity of wildfires
over recent decades (Abatzoglou and Williams, 2016). This
trend amplifies the already significant impacts of natural cli-
mate variability. Fires also feed back into the climate system
by releasing  greenhouse  gases  and  aerosols,  altering  atmo-
spheric  composition  and  radiative  forcing.  These  changes
influence cloud cover, precipitation patterns, and albedo, cre-
ating  cascading  effects  that  extend  beyond  the  immediate
impact of the fires themselves (Lasslop et al., 2019). Under
global  warming,  more  droughts  can  exacerbate  overnight
burning,  causing  more  damage  to  the  climate  (Luo  et al.,
2024). This underscores the urgent need to better understand
and predict wildfire interactions with the carbon cycle and cli-
mate system.

In the past three decades, significant progress has been
made in monitoring and modeling wildfires. Early estimates
of  biomass  burning  relied  on  biome-averaged  burned  area,
biomass  density,  and  combustion  efficiency  values  (Seiler
and  Crutzen,  1980).  By  the  early  2000s,  satellite-based
burned  area  products,  such  as  GBA2000  (Grégoire  et al.,
2003) and GLOBSCAR (Simon et al., 2004), introduced spa-

tially explicit datasets derived from post-fire reflectance. Mod-
ern  products,  such  as  those  based  on  MODIS  data,  offer
higher  resolution  and  better  capture  of  current  global  fire
activity  (Chuvieco  et al.,  2019; Ramo  et al.,  2021).  How-
ever,  while  these  products  provide  valuable  historical
insights, they are limited to the satellite observation period,
typically beginning in the 1990s (van der Werf et al., 2017).

To address these temporal limitations, Earth system mod-
els  (ESMs) play a critical  role.  ESMs simulate interactions
among physical, chemical, biological, and anthropogenic pro-
cesses  governing  the  Earth  system  (Scholze  et al.,  2012).
Over recent decades, an increasing number of coupled general
circulation models (CGCMs) andESMs have begun incorpo-
rating fire modules as a critical component to better under-
stand  fire–climate  interactions  (Held  et al.,  2019; Walters
et al., 2019; Zou et al., 2019; Danabasoglu et al., 2020). The
Coupled Model Intercomparison Project (CMIP), organized
under  the  World  Climate  Research  Programme  (WCRP),
has  provided  standardized  platforms  for  model  simulation,
projection, evaluation, and comparison for over two decades
(Eyring  et al.,  2016).  Now  in  its  sixth  phase  (CMIP6),
CMIP includes improvements over previous iterations and fea-
tures contributions from dozens of institutions, offering new
insights into Earth system dynamics (Eyring et al., 2016). In
addition  to  CMIP,  the  Fire  Model  Intercomparison  Project
(FireMIP) was established to specifically investigate wildfire
biogeochemical  processes  and  has  substantially  advanced
global wildfire simulations. Nevertheless, large uncertainties
remain  in  global  multi-model  estimates  of  historical
(1700–2012) fire carbon emissions (Li et al., 2019), revealing
persistent  divergence  in  key  processes  such  as  fire  occur-
rence, burned area, and fire-induced carbon fluxes. These limi-
tations  highlight  the  need  to  further  assess  wildfire-related
processes within the broader CMIP6 modeling framework.

Given the profound effects of wildfires on the Earth sys-
tem, incorporating fire scenario modeling into ESMs is indis-
pensable  (Hantson  et al.,  2016).  Predicting  fire  regimes
under future climate scenarios is critically important, yet the
performance of CMIP6 models in simulating fire carbon emis-
sions  remains  inadequately  assessed.  To  address  this  gap,
we assess fire carbon emission simulations from 10 CMIP6
models equipped with fire modules. Specifically, we (1) com-
pare simulated global spatial patterns against satellite-based
products;  (2) analyze regional emissions and their  seasonal
cycles;  (3)  examine  the  climate  drivers  of  regional  emiss-
ions; and (4) evaluate long-term trends. This comprehensive
assessment highlights model-data discrepancies and provides
insights for improving fire modules in future ESM develop-
ment.

 2.    Datasets and methods

 2.1.    CMIP6 models

This  study  employs  fire  carbon  emissions  (variable
denoted as “fFire” in CMIP6) alongside two key climate vari-
ables—surface  soil  moisture  (variable  denoted  as “mrsos”)

2 CMIP6 MODEL FIRE CARBON EMISSION ASSESSMENT

 

  



and  near-surface  air  temperature  (variable  denoted  as
“tas”)—from  10  models  in  CMIP6  (Eyring  et al.,  2016).
These datasets provide global coverage of fire carbon emis-
sions across both historical periods and future scenarios.

The  historical  simulations  (1850–2014)  in  CMIP6  are
primarily driven by observationally based and comprehensive
forcing datasets (Eyring et al., 2016). To align with the tempo-
ral coverage of the satellite-based products, we extended the
historical  period  to  2023  using  outputs  from  the  Shared
Socioeconomic Pathways (SSPs). Given the minimal differ-
ences  in  early-year  fire  emissions  among  SSP  scenarios,
SSP2-4.5 was used for the extension. The model outputs are
provided as monthly means, with spatial resolutions varying
by model. A summary of the models used in this study is pre-
sented in Table 1.

Among the 10 models included, fire schemes differ sub-
stantially.  CMCC-ESM2  employs  the  Li  scheme  in
CLM4.5, which accounts for natural and anthropogenic igni-
tions and suppression, as well as agricultural, deforestation,
and  peat  fires  (Li  et al.,  2012, 2013).  CESM-WACCM,
NorESM2-LM,  and  NorESM2-MM  adopt  the  updated  Li
scheme in  CLM5,  which  refines  fuel–moisture  controls  on
fire  occurrence and spread and removes the dependence of
agricultural  fires  on  fuel  loading  (Li  et al.,  2012, 2013; Li
and  Lawrence,  2017).  GFDL-ESM4  applies  the  FINAL
scheme in LM4.1, modifying agricultural fire representation
to depend solely on cropland and pasture area (Ward et al.,
2018).

EC-Earth3-CC,  EC-Earth3-Veg,  and  EC-Earth3-Veg-
LR use the GlobFIRM module in LPJ-GUESS, which does
not explicitly represent human influences on fire (Thonicke
et al., 2001). Because these models provide only annual fire
outputs,  they  were  excluded  from  analyses  requiring

monthly data. TaiESM1 adopts a modified GlobFIRM ver-
sion  in  CLM4  that  incorporates  human  activities  (Kloster
et al.,  2010).  MPI-ESM1-2-LR  uses  a  modified  SPITFIRE
implementation  in  JSBACH3.2  (Lasslop  et al.,  2014).
Together, these models provide a diverse set of fire parameter-
izations for evaluating inter-model differences and improving
our understanding of fire–carbon–climate interactions.

 2.2.    Satellite-based global fire carbon emission products

We used multiple satellite-based global fire carbon emis-
sion datasets to evaluate the fire carbon emissions simulated
by  CMIP6  models.  Specifically,  we  employed  the  Global
Fire Emissions Database version 4 (GFED4s; van der Werf
et al.,  2017),  the  Global  Fire  Assimilation  System  version
1.2 (GFASv1.2; Kaiser et al., 2012), and the Quick Fire Emis-
sions Datasets version 2.6 (QFEDv2.6; Koster et al., 2015).

GFED4s provides global estimates of carbon emissions
from biomass burning, capturing both large-scale and small-
scale  fires.  Emissions  are  estimated  by  combining  the
MODIS burned-area product with fuel consumption per unit
area.  The  fuel  consumption  is  derived  from the  product  of
fuel  load  and  combustion  completeness.  The  dataset  offers
spatial and temporal insights into global fire activity at a hori-
zontal  resolution  of  0.25°  ×  0.25°,  available  from  1997
onward (Giglio et al., 2013).

GFASv1.2  utilizes  satellite-observed  fire  radiative
power (FRP) to generate high-resolution, near-real-time esti-
mates of biomass burning emissions. The FRP observations
assimilated into the system are from the MODIS instruments
aboard NASA’s Terra and Aqua satellites. Emission estimates
are calculated by multiplying the FRP by biome-specific con-
version factors. Through the assimilation of these FRP obser-
vations, GFASv1.2 provides daily emission estimates of key

 

Table 1. Summary of the CMIP6 models used in this study.

Institute Model
Resolution
(lon. × lat.) Fire scheme Reference

NCAR CESM2-WACCM 1.25° × 0.9375° Li
(Li et al., 2012, 2013;

Li and Lawrence, 2017)

Danabasoglu (2019)

CMCC CMCC-ESM2 1.25° × 0.9375° Li
(Li et al., 2012, 2013)

Lovato et al. (2021)

EC-Earth-Consortium EC-Earth3-CC 0.7° × 0.7° GlobFIRM
(Thonicke et al., 2001)

EC-Earth Consortium (2020a)

EC-Earth-Consortium EC-Earth3-Veg 0.7° × 0.7° GlobFIRM
(Thonicke et al., 2001)

EC-Earth Consortium (2019)

EC-Earth-Consortium EC-Earth3-Veg-LR 1.125° × 1.125° GlobFIRM
(Thonicke et al., 2001)

EC-Earth Consortium (2020b)

NOAA-GFDL GFDL-ESM4 1.25° × 1° FINAL (modified from Li)
(Ward et al., 2018)

Krasting et al. (2018)

MPI-M MPI-ESM1-2-LR 1.875° × 1.875° modified SPITFIRE
(Lasslop et al., 2014)

Wieners et al. (2019)

NCC NorESM2-LM 2.5° × 1.875° Li
(Li et al., 2012, 2013;

Li and Lawrence, 2017)

Seland et al. (2019)

NCC NorESM2-MM 1.25° × 0.9375° Li
(Li et al., 2012, 2013;

Li and Lawrence, 2017)

Bentsen et al. (2019)

AS-RCEC TaiESM1 1.25° × 0.9375° Modified GlobFIRM
(Kloster et al., 2010)

Lee and Liang (2023)
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atmospheric  constituents,  including  CO2,  CO,  CH4,
aerosols, and various trace gases. Covering the period from
2003  to  the  present  at  a  spatial  resolution  of  0.1°  ×  0.1°,
GFASv1.2 serves as a valuable dataset for atmospheric com-
position studies, climate modeling, and air quality forecast-
ing.

QFEDv2.6 was developed for integration into NASA’s
Goddard  Earth  Observing  System  (GEOS)  modeling  and
data  assimilation  frameworks.  The  system  computes  emis-
sions by gridding FRP observations from the MODIS instru-
ments aboard the Terra and Aqua satellites and then applying
species-specific  emission  coefficients.  It  provides  daily
mean  emissions  of  a  wide  range  of  atmospheric  con-
stituents—including black carbon, organic carbon, sulfur diox-
ide  (SO2),  CO,  CO2,  and  PM2.5—at  a  spatial  resolution  of
0.1° × 0.1° from 2000 to 2025.

To  ensure  consistency  with  the  model  outputs,  this
study focuses on CO2 among the various atmospheric con-
stituent emissions provided in the satellite-based products.

 2.3.    Climate datasets

Surface soil moisture (SM) and near-surface air tempera-
ture  (TAS)  were  obtained  from  the  ERA5-Land  dataset
(Muñoz-Sabater et al., 2021), a high-resolution climate reanal-
ysis product developed by the European Centre for Medium-
Range Weather Forecasts (ECMWF). ERA5-Land is gener-
ated  by  rerunning  the  land  component  of  the  ECMWF
model,  offering  improved  spatial  detail  over  the  standard
ERA5 reanalysis for land surface variables. It has a spatial res-
olution of 0.1° × 0.1° and spans the period from 1950 to the
present,  making  it  well  suited  for  studies  in  agriculture,
hydrology, and land–atmosphere interactions.

 2.4.    Subregions

To assess model performance across different geographi-
cal areas, we adopted the GFED partitioning, which divides
the globe into 14 distinct regions (Fig. 1). This standardized
framework  has  been  widely  used  in  previous  research
(Giglio  et al.,  2010, 2013; Andela  et al.,  2019; Liu  et al.,
2022; Gallo et al., 2023) to facilitate comparisons of fire emis-
sions and model outputs. By accounting for regional differ-
ences in climate, vegetation, and fire regimes, the GFED parti-
tioning effectively captures the spatial heterogeneity of fire
activity and its influence on carbon emissions.

 2.5.    Statistical methods

We applied a suite of statistical methods to analyze and
evaluate fire carbon emissions for the selected CMIP6 mod-
els. To ensure spatial consistency and enable direct compari-
son with reference datasets, all model outputs and satellite-
based products were resampled to a uniform spatial resolution
of  1°  ×  1°  using  a  first-order  conservative  remapping
approach (Jones, 1999). This approach minimizes biases aris-
ing  from  differences  in  native  spatial  resolutions  across
datasets. Our analysis focuses on the period 2003–23, aligning
with  the  temporal  coverage  of  satellite-based  products  to
ensure a robust model evaluation.

To  quantitatively  assess  model  performance,  we
employed statistical metrics featured in the Taylor Diagram
framework (Taylor, 2001), including the pattern correlation
coefficient  (r),  centered  root-mean-square  error  (RMSE),
and standard deviation. The Taylor Diagram facilitates a con-
cise and informative comparison between individual model
output and reference products (Gleckler et al., 2008).

Given  the  strong  influence  of  climate  conditions  on
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Fig.  1. The 14  regions  defined  by  the  Global  Fire  Emissions  Database  (GFED) used  in  this  study.
The regional abbreviations are: BONA (Boreal North America), TENA (Temperate North America),
CEAM  (Central  America),  NHSA  (Northern  Hemisphere  South  America),  SHSA  (Southern
Hemisphere South America),  EURO (Europe),  MIDE (Middle East),  NHAF (Northern Hemisphere
Africa),  SHAF  (Southern  Hemisphere  Africa),  BOAS  (Boreal  Asia),  CEAS  (Central  Asia),  SEAS
(Southeast Asia), EQAS (Equatorial Asia), and AUST (Australia and New Zealand).
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wildfire  activity  (Jones  et al.,  2022),  we  also  evaluated  the
models’ ability to capture the relationship between fire emis-
sions  and  climate  variables.  Sensitivity  analyses  were  con-
ducted using SM and TAS as predictors. Since most fire emis-
sion data are at relatively low levels and only a few extreme
fire  events  produce very  high emissions,  the  data  exhibit  a
highly positive skewed distribution. Therefore, we applied a
logarithmic transformation to the data before performing lin-
ear regression for sensitivity analysis. Sensitivity was quanti-
fied via the following standardized regression model: 

log(fFire)standardized = α+βxstandardized,

fFire

xstandardized α

β

where  represents monthly fire carbon emissions above
the  90th  percentile  (excluding  low  emissions),  and

 denotes either standardized SM or TAS. Here, 
denotes  the  baseline  log-transformed fire  carbon  emissions
when  the  standardized  predictor  is  zero.  The  coefficient 
quantifies the sensitivity of fire carbon emissions to SM or
TAS. Standardization allows for direct comparison of sensitiv-
ity magnitudes across variables.

Additionally, we examined long-term trends in fire car-
bon emissions using both model outputs and satellite-based
products. By integrating these statistical methods, we provide
a comprehensive evaluation of the models’ capabilities and
limitations in simulating fire emissions.

 3.    Results

 3.1.    Global  and  regional  carbon  fluxes  induced  by
wildfires

We evaluated the spatial distribution of global fire emi-
ssions simulated by CMIP6 models by comparing the multi-
model ensemble mean (MME) with satellite-based products
over  the  period  2003–23  (Fig.  2).  Satellite-based  products
show that the highest fire carbon emissions occur in the trop-
ics, particularly in the semi-arid regions flanking the equator
in  Africa  (Fig.  2a).  Emissions  are  also  evident  at  mid-to-
high  latitudes,  notably  in  Canada  and  eastern  Siberia  near
60°N,  though  with  lower  intensities  compared  to  tropical
regions.  The  zonal  distribution  of  satellite-based  fire  emis-
sions exhibits a bimodal structure in the tropics, with peaks
around  10°N  and  10°S.  The  Southern  Hemisphere  peak  is
slightly  stronger,  largely  due  to  combined  contributions
from South America and Africa. A weaker emission peak is
also observed near 60°N, associated with boreal fires.

Overall,  the  MME successfully  reproduces  the general
spatial pattern of fire carbon emissions, including the predomi-
nance  of  tropical  emissions  over  those  at  higher  latitudes
(Fig.  2b).  This  performance  can  be  partly  attributed  to  the
CMIP6 models’ reasonable ability to reproduce the spatial pat-
terns of key environmental drivers, such as temperature and
soil moisture, in agreement with observations (Figs. S1 and
S2  in  the  electronic  supplementary  material).  However,
notable  biases  remain  in  the  simulated  magnitude  of  emis-
sions  across  many  regions.  The  MME overestimates  emis-

sions  in  South  America—particularly  in  the  Amazon—as
well as in the African rainforest and the Indo-China penin-
sula.  Conversely,  it  underestimates  emissions  in  the  semi-
arid regions of Africa, northern Australia, and the high lati-
tudes of eastern Siberia (Fig. 2c). The bimodal tropical struc-
ture  is  less  pronounced in  the  MME compared to  observa-
tions. The anomalously strong emissions near 10°S are primar-
ily  driven  by  exaggerated  emissions  in  South  America,
which are nearly as strong as those in the southern equatorial
region of  Africa (Fig.  2b).  Discrepancies over  the Amazon
and equatorial African rainforests result in the largest simula-
tion biases near the equator (Fig. 2c). Most individual models
reproduce  spatial  patterns  broadly  consistent  with  observa-
tions.  However,  some models—such as CESM2-WACCM,
CMCC-ESM2,  and  members  of  the  NorESM2  family—
exhibit  pronounced  biases  in  simulating  emissions  at  high
northern latitudes. The spatial patterns simulated by each indi-
vidual model are shown in Fig. S3 in the electronic supple-
mentary material.

Quantitatively,  we  employed  the  Taylor  Diagram  to
assess  the  agreement  between  model  simulations  and
satellite-based observational products (Fig. 3). The spatial cor-
relation coefficient between the MME and the observations
is 0.64, with a normalized standard deviation of 1.00 and a
centered root-mean-square (RMS) difference of 0.85. Individ-
ual  models  exhibit  spatial  correlation  coefficients  ranging
from 0.32 (CMCC-ESM2) to 0.60 (EC-Earth3-Veg), indicat-
ing  that  most  models  are  able  to  broadly  capture  the
observed spatial pattern of fire carbon emissions. However,
the  standard  deviations  among  models  vary  substantially,
ranging from 0.76 (TaiESM1) to 2.00 (CESM2-WACCM),
with most models showing higher-than-observed spatial vari-
ability. The centered RMS differences, which reflect the mag-
nitude  of  spatial  mismatches  in  fire  emission  distributions,
range from 0.96 (TaiESM1) to 1.77 (CESM2-WACCM).

Figure  4 shows  the  total  fire  carbon  emissions  across
the 14 GFED regions from 2003 to 2023. Comparisons indi-
cate  that  the  MME  falls  within  the  observational  range  in
only  5  of  the  14  regions—specifically,  BONA,  NHAF,
SHAF, EQAS, and AUST (Fig.  4).  In contrast,  fire  carbon
emissions  are  underestimated  by the  MME only  in  BOAS.
In the remaining eight regions, the MME systematically over-
estimates emissions. Notably, the overestimation is particu-
larly  evident  in  tropical  regions  (30°S–30°N),  which  con-
tributes substantially to the overall global overestimation of
fire carbon emissions.

Although the  MME in  BONA,  NHAF,  SHAF,  EQAS,
and  AUST  align  with  the  observational  range  for  each
region, substantial inter-model variability exists. In BONA,
only  four  models—the  three  EC-Earth3  variants  and
TaiESM1—produce  estimates  within  the  observational
range. The remaining models either overestimate emissions
(e.g.,  CMCC-ESM2,  GFDL-ESM4,  MPI-ESM1-2-LR)  or
underestimate  them  (e.g.,  CESM2-WACCM,  both
NorESM2  variants).  In  NHAF,  only  GFDL-ESM4  aligns
with  observations,  while  all  EC-Earth3  models  overesti-
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Fig.  2. Global  patterns  of  multi-year  average  fire  carbon  emissions  during  2003–23  from  (a)  the
observation ensemble, (b) the CMIP6 MME, and (c) the MME bias relative to the observation ensemble.
Line plots to the right of each figure show the corresponding zonal average values; shaded areas indicate
the range across models in the MME and the observation ensemble.
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mate, and the rest (CESM2-WACCM, CMCC-ESM2, MPI-
ESM1-2-LR,  NorESM2  variants,  TaiESM1)  underestimate
emissions.  In  SHAF,  four  models  (CESM2-WACCM, EC-
Earth3-Veg-LR,  MPI-ESM1-2-LR,  NorESM2-MM)  fall
within  the  observational  range.  Three  models  (EC-Earth3-
CC,  EC-Earth3-Veg,  GFDL-ESM4)  overestimate,  while
another  three  (CMCC-ESM2,  NorESM2-LM,  TaiESM1)
underestimate emissions. In EQAS, most models fall within
the observational range, except CMCC-ESM2, which overe-
stimates, and MPI-ESM1-2-LR, which underestimates emis-
sions. In AUST, six models are within the range, while four
(CMCC-ESM2,  MPI-ESM1-2-LR,  NorESM2-LM,
TaiESM1) overestimate.

In  regions  where  the  MME overestimates  emissions—
such as CEAM, NHSA, SHSA, EURO, CEAS, and SEAS—
most individual models also overestimate, except a few excep-
tions (e.g., MPI-ESM1-2-LR and GFDL-ESM4). In BOAS,
where  the  MME  underestimates  emissions,  only  GFDL-
ESM4 and MPI-ESM1-2-LR match observations,  while  all
other models underestimate.

In  the  tropics,  most  models  overestimate  fire  carbon
emissions,  except  for  TaiESM1  (which  falls  within  the
range)  and  two  models  (CMCC-ESM2  and  MPI-ESM1-2-
LR) that underestimate. At the global scale, eight models over-
estimate  total  emissions,  while  only  CMCC-ESM2  and

TaiESM1 deviate from this general pattern.

 3.2.    Seasonal cycle

We  find  that,  although  the  magnitudes  of  fire  carbon
emissions  differ  somewhat  among  the  three  satellite-based
products, they exhibit consistent seasonal patterns and peak
timings  across  the  GFED  regions.  In  comparison,  most
CMIP6 models are able to broadly capture the timing of the
fire season (Fig. 5). Even when deviations occur, the simu-
lated peak fire emissions typically differ from the observed
peaks by no more than one month. However, several region-
specific issues remain. In the BOAS region, none of the mod-
els effectively capture the spring fires, resulting in a failure
of  the  MME to  represent  emissions  from April  to  May.  In
the EURO, TENA, and CEAS regions, the models produce
pronounced spurious fire carbon emissions during boreal sum-
mer, while observations show weak seasonal variability. In
NHSA,  although  the  MME  reproduces  the  February–April
peak, it erroneously simulates a secondary peak from Septem-
ber to November. Overall, the MME struggles to accurately
represent  fire  seasonality  in  temperate  North  America  and
the mid- to-high latitude regions of Asia. These seasonal mis-
matches  lead  to  substantial  deviations  between  simulated
and observed fire-season emissions, contributing to the over-
estimation of  annual  fire  carbon emissions  in  most  regions

 

 

Fig. 3. Taylor Diagram of fire carbon emissions in individual CMIP6 models relative to the ensemble
of satellite-based observational products. Triangles represent models employing the Li scheme and its
modified version; squares denote models using the GlobFIRM scheme and its modified version; and
crosses indicate models implementing the modified SPITFIRE scheme. The red dashed arcs represent
normalized standard deviations; the green dashed lines represent pattern correlation coefficients; and
the blue dashed contours show centered root-mean-square (RMS) differences. The reference point for
the observations is located at a normalized standard deviation of 1.0 and a correlation coefficient of
1.0.
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(8 out of 14), as shown in Fig. 4.

 3.3.    Sensitivities to temperature and soil moisture

Fire activity is jointly influenced by atmospheric condi-
tions and fuel availability, with TAS and SM serving as two
primary controlling environmental factors (Flannigan et al.,
2009; Sommers  et al.,  2014; Jones  et al.,  2022).  To  assess
the  sensitivity  of  fire  carbon  emissions  to  these  variables,
we performed a standardized sensitivity analysis across differ-
ent regions (Fig. 6). The resulting scatter plots reveal region-
ally distinct patterns in model sensitivity to SM and TAS.

In high-latitude Northern Hemisphere regions (BONA,
EURO,  BOAS; Figs.  6a–c),  the  MME  sensitivity  to  TAS
closely  agrees  with  the  observational  ensemble,  except  in
EURO  where  it  is  slightly  overestimated.  Inter-model
spread in TAS sensitivity is relatively low, with only a few
models deviating notably. Simultaneously, the MME sensitiv-
ity  to  SM  is  consistent  with  observations  in  BONA  and
EURO  but  exhibits  exaggerated  sensitivities  in  BOAS,
which is also reflected across most individual models.

In  midlatitude  regions  (primarily  TENA,  CEAM,
MIDE, and CEAS; Figs. 6d–g), the MME generally exhibits
stronger sensitivity to both TAS and SM than observed, partic-
ularly in TENA and CEAS. Most models follow this trend.

In CEAM and MIDE (Figs.  6e, f),  the sensitivity  to  SM is
notably  stronger  than  observed,  while  TAS  sensitivity
remains close to the observational estimates.

In  tropical  and  Southern  Hemisphere  extratropical
regions (NHSA, NHAF, SEAS, EQAS, SHSA, SHAF, and
AUST; Figs.  6h–n),  the  MME’s  TAS  sensitivity  broadly
aligns with observations in NHSA and NHAF. However, in
SEAS and EQAS,  the  MME exhibits  opposite  temperature
responses compared to the observations—positive sensitivity
in SEAS and negative in EQAS—while other regions show
overestimated  TAS  sensitivity.  Regarding  SM,  the  MME
aligns well with observations in NHSA, NHAF and SHSA,
but underestimates sensitivity in SHAF, EQAS, and AUST.
Notably, SEAS is the only region where the MME overesti-
mates SM sensitivity. Across all regions, individual models
exhibit considerable variability in both TAS and SM sensitivi-
ties, highlighting substantial inter-model uncertainty.

We assessed the relative importance of SM and TAS in
influencing  fire  carbon  emissions  across  the  14  GFED
regions for each CMIP6 model (Fig. 7). Satellite-based prod-
ucts  suggest  that  in  five  mid-to-high  latitude  regions—
BONA,  EURO,  BOAS,  MIDE  and  CEAS—fire  emissions
are primarily influenced by TAS, while SM is the dominant
driver in the remaining regions. The MME correctly identifies

 

 

Fig. 4. Total fire carbon emissions from 2003 to 2023 across GFED regions, tropical regions (30°S–30°N), and the global total.
The dashed line represents the ensemble mean of the three satellite-based products, with the shaded area indicating one standard
deviation. Red “G” labels identify models employing the GlobFIRM scheme and its modified versions; blue “S” labels denote
models using modified SPITFIRE schemes; and unlabeled bars represent models based on the Li scheme and its variants. The
bars  represent  fire  carbon  emissions  simulated  by  individual  CMIP6  models  while  the  Multi-Model  Ensemble  (MME)  is
indicated with a black border. Error bars denote the inter-model spread.
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TAS as the more influential factor in these TAS-dominated
regions. In contrast,  the MME incorrectly attributes greater
importance to TAS in three tropical and southern extratropical
regions—TENA,  SHSA  and  AUST—where  satellite-based
data indicate SM as the primary driver. While individual mod-
els generally align with the MME in many regions, notable
inconsistencies  exist.  For  instance,  in  SEAS,  most  models
incorrectly identify TAS as dominant, but the MME correctly
suggests SM dominance.

In  regions  with  high  fire  activity—BOAS,  NHSA,
NHAF,  EQAS,  SHSA,  SHAF,  AUST—only  SHSA  and
AUST show complete  disagreement  between  observations,
the MME, and individual models regarding the dominant fac-
tor.  In  other  high-activity  regions,  most  models  are  able  to
replicate the observed controlling variable.

 3.4.    Trends

The frequency and intensity of wildfires have undergone
substantial changes under global warming. Here, we quantita-
tively assessed trends in annual fire carbon emissions during
2003–23 based on satellite-derived products and the CMIP6

MME across 14 regions, the tropics, and the globe (Fig. 8).
Observationally, regional trends fall into three categories:

(1) A significant increase in emissions over BONA and
MIDE;

(2)  A significant  decrease  over  SHSA,  NHAF,  SHAF,
CEAS,  and  SEAS,  mostly  in  tropical  regions,  contributing
almost entirely to the declining trend in total tropical emis-
sions  (−0.0246  PgC  yr−2, Fig.  8o),  and  hence  the  global
decrease;

(3) No significant trend in the remaining regions.
In comparison, the CMIP6 MME captures the significant

increase  over  BONA (0.0016  PgC yr−2, p <  0.05; Fig.  8a)
but fails to reproduce the rising trend in MIDE, where it simu-
lates  no  significant  change  (Fig.  8f).  Notably,  the  MME
does  not  reproduce  the  observed  declines  in  tropical
regions; instead, it shows insignificant trends across most of
these  regions,  with  the  exception  of  a  significant  increase
over SHSA (0.0177 PgC yr−2, p < 0.05; Fig. 8l). Alongside
a significant increase in NHSA (0.0061 PgC yr−2, p < 0.05;
Fig.  8h)—a  region  with  no  observed  trend—these  biases
lead to an overall significant increase in tropical fire emissions

 

 

Fig.  5. Seasonal  cycle  of  fire  carbon emissions  averaged from 2003 to  2023 across  the  14 GFED regions,  comparing CMIP6
model  outputs  and observational  data.  Black solid  lines  represent  the average of  three satellite-based products,  while  the gray
solid lines indicate the MME. The EC-Earth3 series models are excluded due to the lack of monthly data availability,  as only
yearly data are provided.
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in  the  MME  (0.0269  PgC  yr-2, p <  0.05; Fig.  8o).  For
regions  with  no  significant  trends  in  the  observations,  the
MME generally reproduces these patterns, except in TENA
and NHSA. In summary, the overestimation of tropical fire
emissions in the MME almost  entirely explains the model-
derived  global  increase  in  fire  carbon  emissions  during
2003–23 (Fig. 8p).

The  global  spatial  patterns  of  fire  carbon  emission
trends  (Fig.  9)  show  that  all  satellite-based  products  and
their  ensemble  mean  consistently  indicate  significant
declines over the semi-arid regions straddling the equator in

Africa,  the  southeastern  Amazon,  and  Southeast  Asia
(Figs.  9a–d)—areas  with  historically  high  fire  emissions
(Fig.  2a).  These  decreases  can  partially  be  attributed  to
enhanced human fire suppression (Andela et al., 2017).

In contrast, most individual CMIP6 models fail to repro-
duce  these  declining  trends,  particularly  over  equatorial
Africa and the southeastern Amazon, likely due to their lim-
ited  representation  of  anthropogenic  suppression.  Instead,
they  tend  to  overestimate  emissions  in  tropical  rainforests,
including  central  Africa,  the  Amazon,  and  Southeast  Asia.
Notably,  the  overestimated  increase  in  fire  emissions  over

 

 

Fig. 6. Scatter plots of the standardized sensitivity of fire carbon emissions to surface soil  moisture (SM) and near-surface air
temperature (TAS). Triangles represent models employing the Li scheme and its modified version; squares denote models using
the GlobFIRM scheme and its modified version; and crosses indicate models implementing the modified SPITFIRE scheme. The
thick  gray  dashed  lines  represent  the  multi-product  mean  deviated  from  three  satellite-based  datasets,  with  the  shaded  area
indicating one standard deviation.
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the Amazon (0.03 PgC yr−2, p < 0.05; Fig. S4 in the electronic
supplementary  material)—comparable  in  magnitude  to  the
sum of NHSA and SHSA—largely accounts for the inflated
tropical trend in the MME.

This  model  bias  over  the  Amazon  may  stem  from
stronger-than-observed TAS levels and trends in many mod-
els  (Figs.  S1 and S5 in the electronic supplementary mate-
rial),  combined  with  elevated  temperature  sensitivity  over
SHSA (Figs. 6l and 7). In contrast, satellite-based products
suggest that SM plays a more critical role in modulating emis-
sions in SHSA. Despite a drying trend in SM (Fig. S6 in the
electronic supplementary material), the relatively wet condi-
tions over the Amazon in the observational datasets do not
support  high  fire  activity  or  upward  trends  (Figs.  2a and
9a–d, and Fig. S3 in the electronic supplementary material),
highlighting  the  discrepancy  in  modeled  versus  observed
fire–climate responses.

 4.    Discussion

Fire is one of the most significant natural disturbances

affecting terrestrial ecosystems, and its impacts are intensify-
ing under climate change. Over recent decades, an increasing
number of CGCMs and ESMs have incorporated fire modules
to  better  represent  fire–climate–carbon  interactions  (Held
et al.,  2019; Walters et al.,  2019; Zou et al.,  2019; Danaba-
soglu  et al.,  2020).  Large-scale  intercomparison  efforts,
such as CMIP6 and FireMIP (Rabin et al., 2017), have sub-
stantially advanced global fire modeling and provided essen-
tial datasets for Earth system research. Despite these efforts,
however, the magnitude and sources of inter-model uncertain-
ties  in  reproducing  historical  fire  activity  remains  insuffi-
ciently understood. Building on this foundation, earlier stud-
ies,  such  as Li  et al. (2019, 2024),  which  evaluated  global
fire emissions and burned area in FireMIP and CMIP6, have
identified  major  discrepancies  in  fire  representation.  More
recently, Gallo  et al. (2023)  assessed  burned  areas  across
CMIP6  models  and  further  highlighted  substantial  inter-
model variability.

Our  study  delivers  a  comprehensive  evaluation  of
present-day (2003–23) fire carbon emissions in CMIP6 mod-
els, with an emphasis on regional performance. Key aspects

 

 

Fig.  7. Heatmap  illustrating  the  relative  greater  importance  of  SM  and  TAS  in  influencing  fire  carbon
emissions  across  the  14  GFED  regions  for  individual  CMIP6  models.  The  classification  is  based  on
standardized sensitivity coefficients. Pixels with diagonal hatching denote regions where the sensitivities are
not statistically significant (p > 0.05).
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include  evaluations  of  climatological  emissions,  seasonal
cycles,  long-term  trends,  and—importantly—sensitivity  to
SM and TAS. In particular, we innovatively quantify the rela-

tive  influence of  SM and TAS on fire  carbon emissions  in
each  GFED  region  and  across  individual  CMIP6  models.
Our  results  aim  to  offer  new  insights  and  guidance  for

 

 

Fig.  8. Trends  of  annual  fire  carbon  emissions  from  observational  data  and  the  CMIP6  MME  across  14  regions,  the  tropics
(30°S–30°N), and the globe. Red and blue solid lines represent the total emissions from the satellite-based products and MME
during 2003–23, respectively. Red and blue dashed lines are their respective OLS (ordinary least squares) fitted trends. Pink and
light blue shaded areas represent ±1σ spread among individual members.

 

 

Fig.  9. Geographical  distributions  of  fire  carbon  emission  trends  from  2003  to  2023  at  1°  ×  1°  spatial  resolution,  based  on
observational  data  and CMIP6 model  simulations.  Red shading indicates  positive trends,  while  blue indicates  negative trends.
Regions marked with symbols denote areas where the trends are statistically significant (p < 0.05).
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future model development and optimization.
It is well established that fire carbon emissions are gov-

erned by complex interactions among meteorological condi-
tions, vegetation types, fuel availability, and human activities
(Loehman,  2020; Wang  et al.,  2023; Kreider  et al.,  2024).
Consequently,  model  biases  in  simulated  fire  emissions
often stem from multiple sources, including uncertainties in
fire parameterization schemes, meteorological inputs, and veg-
etation  or  fuel  characteristics  (Lasslop  et al.,  2014; Zou
et al., 2019).

In our analysis, we note that the CMIP6 models adopt dif-
ferent fire schemes, each with distinct assumptions and param-
eterizations  (Table  1).  Five  models  (CESM-WACCM,
CMCC-ESM2,  GFDL-ESM4,  NorESM2-LM,  NorESM2-
MM) implement the Li scheme or its modified versions (Li
et al.,  2012, 2013; Li  and  Lawrence,  2017; Ward  et al.,
2018), which refine agricultural fire dynamics and incorpo-
rate anthropogenic influences such as deforestation, human
ignition, and suppression. Three EC-Earth3 variants use the
GlobFIRM (Thonicke et al., 2001), while TaiESM1 applies
a  modified  version  of  GlobFIRM  (Kloster  et al.,  2010);
these schemes do not  explicitly  account  for  human effects.
MPI-ESM1-2-LR  employs  a  modified  SPITFIRE  scheme
(Lasslop et al., 2014), which considers both human ignition
and suppression but assumes zero burned area and emissions
over managed croplands. These differences in fire schemes
can lead to substantial variability in model-simulated fire car-
bon emissions. Additionally, model resolution plays an impor-
tant  role—for instance,  differences between NorESM2-LM
and  NorESM2-MM  are  evident  over  the  semiarid  SHAF
and central Eurasia near 60°N (Figs. 9m, n).

Moreover,  the  reliability  of  fire  simulations  is  further
complicated by biases in model-simulated meteorological vari-
ables. Many studies have documented considerable uncertain-
ties  in  CMIP6  surface  meteorological  elements  due  to  the
inaccurate  representation of  large-scale  climate  drivers  and
teleconnections  (Kim  et al.,  2020; Rivera  and  Arnould,
2020; Turnock  et al.,  2020; Zhu  and  Yang,  2020; Tebaldi
et al.,  2021; Yang et al.,  2021). These biases can propagate
into fire simulations by misrepresenting key drivers such as
temperature,  precipitation,  and humidity.  Variations in fuel
load—affected by aboveground biomass and plant functional
types  (PFTs)—are  another  critical  source  of  uncertainty  in
estimating  fire  emissions  (Brooks  et al.,  2004; Loudermilk
et al., 2022). In this study, we did not delve deeply into the
underlying  causes  related  to  meteorological  or  vegetation-
related  biases,  as  these  have  been  examined  in  previous
CMIP6 climate and carbon cycle studies (Kim et al.,  2020;
Hirsch  et al.,  2021; Li  et al.,  2021; Lauer  et al.,  2023).
Instead,  our  sensitivity  analysis  focused  solely  on  climatic
drivers.  We  acknowledge,  however,  that  fire  carbon  emis-
sions  are  also  influenced by vegetation,  biomass,  land use,
and  anthropogenic  activities,  and  we  plan  to  incorporate
these additional factors in future work to provide a more com-
prehensive assessment of fire carbon emission sensitivities.

The  large  biases  in  simulated  fire  carbon  emission

trends  across  CMIP6  models  raise  serious  concerns  about
our ability to assess future fire-related carbon risks with confi-
dence. Satellite-based products consistently show significant
declines  in  emissions  over  key  tropical  fire  regions—such
as the semi-arid zones of Africa, the Amazon margins, and
Southeast  Asia—yet  most  models  fail  to  reproduce  these
trends,  often  projecting  stable  or  increasing  emissions.
These discrepancies likely arise from insufficient representa-
tion  of  human  activities,  simplified  fire–climate  interac-
tions, and differences in fire scheme implementation. More-
over, we note that even when models employ the same fire
scheme, disparities in the trends of fire-induced carbon emis-
sions persist.  For instance, although all three models in the
EC-Earth3 series use the identical GlobFIRM scheme, EC-
Earth3-Veg-LR exhibits an opposing trend over Africa com-
pared  to  the  other  two  (Figs.  9h–j).  Similarly,  CESM2-
WACCM and the two NorESM2 models—both utilizing the
Li  scheme  in  CLM5—also  show  divergent  trends  in  the
high-latitude Northern Hemisphere (Figs. 9f, m, n). These dif-
ferences likely stem from uncertainties  in  other  climatic  or
vegetation-related variables, making it challenging to deter-
mine which fire scheme performs best.  These uncertainties
are especially problematic in tropical ecosystems, where fire
emissions  are  highly  sensitive  to  both  climatic  variability
and human-driven land-use  change.  As  a  result,  improving
fire modules and better integrating socio-environmental feed-
backs are essential steps toward reducing uncertainty and sup-
porting  robust  projections  of  fire-carbon  dynamics  under
future climate scenarios.

 5.    Conclusion

This study comprehensively evaluates fire carbon emis-
sions from 10 CMIP6 models and their MME across spatial,
temporal,  and  climatic  dimensions.  While  the  models
broadly capture the spatial pattern of fire emissions in tropical
and high-latitude Northern Hemisphere regions, they exhibit
substantial biases in magnitude, particularly over the Ama-
zon, Africa, and the Indo-China Peninsula. Taylor diagrams
highlight considerable inter-model spread in spatial correla-
tion, normalized standard deviation, and centered RMSE.

Regionally, the MME performs well in only 5 out of 14
GFED regions, with prevalent overestimations across the trop-
ics and in global totals. Seasonal cycles are generally repro-
duced  within  one  month  of  observations,  though  notable
biases  persist,  such  as  in  BOAS  where  spring  peaks  are
poorly captured. Sensitivity analyses reveal strong regional
divergence: the MME reproduces TAS sensitivities at high lat-
itudes but overestimates both TAS and SM responses in mid-
latitudes. In tropical and Southern Hemisphere extratropical
regions, model performance degrades, with incorrect sign or
magnitude  of  sensitivities—such  as  the  reversed  TAS
response  in  SEAS  and  underestimated  SM  sensitivity  in
SHAF and EQAS.

Trend  analysis  from  2003  to  2023  shows  observed
increases  in  BONA  and  MIDE,  alongside  widespread
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declines in tropical regions (e.g., SHSA, NHAF, SHAF), con-
tributing  to  an  overall  decrease  in  tropical  and  global  fire
emissions.  In  contrast,  the  MME captures  only  the  BONA
increase and fails to reproduce tropical declines, instead simu-
lating  spurious  increases—particularly  in  SHSA  and
NHSA—leading  to  unrealistic  rises  in  both  tropical  and
global totals. These discrepancies are largely attributable to
inadequate representation of anthropogenic fire suppression
and overestimated temperature sensitivity in the models, espe-
cially across Southern Hemisphere fire-prone regions.
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