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Abstract

In this study, we use simulations from seven global vegetation models to provide the
first multi-model estimate of fire impacts on global tree cover and the carbon cycle
under current climate and anthropogenic land use conditions, averaged for the years
2001-2012. Fire globally reduces the tree covered area and vegetation carbon stor-
age by 10%. Regionally, the effects are much stronger, up to 20% for certain latitu-
dinal bands, and 17% in savanna regions. Global fire effects on total carbon storage
and carbon turnover times are lower with the effect on gross primary productivity
(GPP) close to 0. We find the strongest impacts of fire in savanna regions. Climatic
conditions in regions with the highest burned area differ from regions with highest
absolute fire impact, which are characterized by higher precipitation. Our estimates
of fire-induced vegetation change are lower than previous studies. We attribute
these differences to different definitions of vegetation change and effects of anthro-
pogenic land use, which were not considered in previous studies and decreases the

impact of fire on tree cover. Accounting for fires significantly improves the spatial
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patterns of simulated tree cover, which demonstrates the need to represent fire in
dynamic vegetation models. Based upon comparisons between models and observa-
tions, process understanding and representation in models, we assess a higher confi-
dence in the fire impact on tree cover and vegetation carbon compared to GPP, total
carbon storage and turnover times. We have higher confidence in the spatial patterns
compared to the global totals of the simulated fire impact. As we used an ensem-
ble of state-of-the-art fire models, including effects of land use and the ensemble
median or mean compares better to observational datasets than any individual model,
we consider the here presented results to be the current best estimate of global fire

effects on ecosystems.

KEYWORDS

1 | INTRODUCTION

Fire has been a part of the earth system since vegetation first
spread onto land (Scott & Glasspool, 2006). It is a key process for
understanding land carbon storage (Bond-Lamberty, Peckham,
Ahl, & Gower, 2007; Yue et al., 2016), distribution of forests (Bond,
Woodward, & Midgley, 2005; Lasslop, Brovkin, Reick, Bathiany, &
Kloster, 2016; Sankaran et al., 2005; Thonicke, Venevsky, Sitch,
& Cramer, 2001) and biodiversity (He, Lamont, & Pausas, 2019;
Wirth, 2005) globally and regionally. The capacity of land ecosys-
tems to take up and store carbon in vegetation and soils is a funda-
mental component of climate change mitigation strategies (Bastin
et al., 2019; Brancalion et al., 2019; Canadell & Raupach, 2008;
Grassi et al., 2017). Due to the vulnerability of vegetation carbon
pools to fire, especially the large pools in forests, quantitative un-
derstanding of the impact of fire on carbon storage and tree cover is
needed but difficult to obtain due to interactions with other factors,
such as drought or herbivory.

Experimental and modelling approaches have been used to in-
crease our understanding of fire effects on different aspects of the
terrestrial biosphere. The effects of fire at the local scale can be ob-
served on experimental burn plots (Furley, Rees, Ryan, & Saiz, 2008;

Higgins et al., 2007; Pellegrini et al., 2017) or by comparing recently
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- mean C pool frequent fires
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global fire modelling, terrestrial carbon cycle, vegetation modelling, wildfires

burned versus unburned mature stands (Harden, Mack, Veldhuis,
& Gower, 2002). Impacts on biomass, individual trees, vegetation
structure, community composition and soil carbon are measured in
exclusion plots and are compared with those from reference plots
(Devine, Stott, McDonald, & Maclean, 2015; Higgins et al., 2007).
However, such experiments are site-specific and usually established
in regions where the impact of fire is strong and readily apparent
in the vegetation structure. Satellite data can be used to assess the
impact of individual fire events in larger areas by comparing the re-
motely sensed vegetation parameters before and after a fire (Liu,
Ballantyne, & Cooper, 2019; Staal et al., 2018). This estimation of
instantaneous effects differs from the long-term average effect
of fires (Figure 1), which is the subject of this study. In regions of
frequent burning the vegetation before fire does not represent the
vegetation state without fire because the equilibrium state of vege-
tation is always strongly affected by fire. The instantaneous effect,
thatis, the difference between the state before and directly after the
fire, is therefore lower than the effect of long-term fire exclusion. In
regions with low fire occurrence, that is, with a long fire return inter-
val, the vegetation state after a fire is a rare ecosystem state as the
vegetation usually has ample time to recover before the next fire.
In this case, the instantaneous effects are larger than the long-term

average fire effects. Although these observation-based estimates of
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fire effects are informative, a large scale or global quantification of
long-term fire effects on vegetation and the carbon cycle can only
be achieved using models.

Models allow us to estimate the impact of fire by comparing a
reference simulation that includes the effects of fire to a second
simulation without fire. Bond et al. (2005) were the first to provide
a global picture of the impact of fire on the vegetation distribution
for the 20th century using the Sheffield Dynamic Global Vegetation
Model. They found strong impacts of fire, with an estimated dou-
bling of forest area without fire. Poulter et al. (2015) also studied the
effect of fire on vegetation globally by prescribing satellite burned
area datasets within the LPJ vegetation model. They found a smaller
increase in tree covered area of only 15%-25%. As they use tree
cover instead of forest cover (which was defined as tree cover > 80%
by Bond et al., 2005) to quantify the effect, the results are not di-
rectly comparable with those of Bond et al. (2005). Both studies in-
cluded the effects of humans on climate in their forcing datasets but
not the effects of humans on vegetation in terms of land use change
and therefore do not provide a picture of present-day ecosystems.

Several studies exist, which use global vegetation models to es-
timate the fire impact on the carbon cycle but they show conflicting
results. Li, Bond-Lamberty, and Levis (2014) evaluated the role of fire
on carbon fluxes using the Community Land Model (CLM) and found
that fire decreases the land carbon uptake by 1 Pg C/year and the
net primary productivity (NPP) by 1.9 Pg C/year. Much lower effects
on the land carbon uptake were obtained with the ORCHIDEE vege-
tation model (Yue, Ciais, Cadule, Thonicke, & van Leeuwen, 2015). In
contrast, fire increased NPP in the aforementioned study of Poulter
et al. (2015) using the LPJ vegetation model. This arose because
grass cover increased due to fire and grasslands had higher produc-
tivity compared to forests. So far, there is no systematic comparison
of a model ensemble, which would allow evaluation of the robust-
ness of model simulations and identification of key uncertainties of
estimating fire impacts.

The FireMIP project (Hantson et al., 2016; Rabin et al., 2017)
provides a framework to compare fire impacts on vegetation and
carbon cycling based on state-of-the-art fire-vegetation models
driven with the same forcing datasets. The models were all devel-
oped in recent years with insights from global burned area satellite
datasets and advances in process representation. Important devel-
opments are related to anthropogenic influences or different types
of fuels (Hantson et al., 2016). The models are able to reproduce
the observed main spatial gradients of burned area for present day
well (Forkel, Andela, et al., 2019; Hantson et al., 2020; Teckentrup
et al., 2019). The models, however, diverge with respect to trends
over the last decades (Andela et al., 2017; Teckentrup et al., 2019)
and the uncertainty in observed global burned area trends is still
high (Forkel, Dorigo, et al., 2019). We therefore exploit the capability
of the models to represent the global spatial patterns as observed
by satellite data to assess fire impacts on vegetation and the global
carbon cycle.

The present study quantifies the global-scale impact of fire

on tree cover and the carbon cycle under present-day conditions
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(2001-2012) based on a simulation ensemble of seven global
fire-vegetation models, which include effects of anthropogenic land
use. We assess the confidence in the modelled results based on a
comparison of the model ensemble results with observation-driven
datasets, consistency between models, process representation and
the current level of process understanding. In the discussion, we ad-
dress causes for differences to previous studies, model uncertain-
ties, useful model developments and the wider implications of our

results in light of recent literature.

2 | MATERIALS AND METHODS
2.1 | Models and simulations

We quantified the impact of fire on vegetation and the carbon
cycle as the difference between simulations with and without fire,
conducted with seven fire-enabled global vegetation models pro-
vided by the Fire Model Intercomparison Project (FireMIP: Hantson
et al., 2016; Rabin et al., 2017). The simulation including fire is the
FireMIP reference experiment (SF1 in Rabin et al., 2017). The simu-
lation without fire (SF2_WWF in Rabin et al., 2017) is a sensitivity
experiment in which fire is turned off. This simulation was run for
the same time period and with the same forcing as the historical
reference simulation SF1. Both simulations started with a spin-up
simulation in which the model was run until the slowest soil pool was
in equilibrium, defined as a change of <1% within 50 years. During
the spin-up, climate and lightning data were recycled over the years
1901-1920, all other forcing factors (atmospheric CO,, human popu-
lation density, land use and land cover) were kept constant at the
values of the first year (see Rabin et al., 2017 for details). The models
were then run transiently from 1701 to 2012 using the same forc-
ing. Although the transient experiment with changes in land use, at-
mospheric CO, and population density was run from 1701 onwards,
varying values of climate and lightning are only used after 1900, due
to the availability of transient forcing datasets. Two models (CLM,
CLASS-CTEM) started the transient simulation in 1850 and 1861,
respectively, but as the influence of the forcing factors on the simu-
lations is rather small before 1900, this inconsistency does not have
a strong impact on the results.

The FireMIP models differ in their underlying assumptions and
differences between models reflect the uncertainty in modelling fire
occurrence and fire impacts at global scale. The models range from
largely empirically based treatments of burned area, which are based
on scaling functions related to moisture, fuel and ignition limitations,
to process-based models, which represent ignitions, fire spread and
duration. The impacts of fire, for example, vegetation mortality and
carbon pool combustion, are computed as a combination of the area
burned with constant, usually plant functional type (PFT)-dependent
parameters, for the simple models or depend on moisture contents
and fire intensity in the more complex models.

The fire models also differ in which components of the model

(e.g. vegetation composition, specific carbon pools) are affected
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by fire (Figure 2; also see Rabin et al., 2017 for details). They all
simulate fire impact on the litter pool (C litter), and most of them
simulate impacts on vegetation carbon pools (C Veg) and thus in-
directly on productivity (GPP). Two models (CLM and LPJ-GUESS-
SIMFIRE-BLAZE) include an interactive nitrogen cycle. Only one of
the models (CLM) explicitly simulates anthropogenic management
fires (i.e. agricultural and deforestation fires) and diagnoses peat-
land fire emissions (peatland carbon stocks are however not repre-
sented, the peatland emissions therefore do not impact the results
we show here). More details are documented in Rabin et al. (2017).
Only four of the models (JULES-INFERNO, JSBACH-SPITFIRE, LPJ-
GUESS-SIMFIRE-BLAZE, LPJ-GUESS-SPITFIRE) allow fire impacts
on vegetation distribution, the other models prescribe the frac-
tion of a grid cell covered by specific vegetation types. Although
the original FireMIP versions of JSBACH-SPITFIRE and JULES-
INFERNO did not include the coupling between fire and dynamic
biogeography (Rabin et al., 2017), we used updated model versions
in this study to increase the number of models including this effect.
Several changes in the JSBACH-SPITFIRE model were made since
the first round of FireMIP simulations. These include a reparame-
terization of human ignitions, inclusion of the desert fraction for
the computation of average fuel load, changes in the rate of spread
equations and an NPP threshold for the establishment of trees. The
simulated burned area is displayed in Figure S2. The computation of
the fire impacts remained unchanged. For detailed documentation,
see Supporting Information S2 for JSBACH-SPITFIRE and Burton
et al. (2019) for JULES-INFERNO.

We quantify the impact of fire on ecosystem processes, vege-
tation dynamics and carbon cycling for the years 2001-2012 be-
cause high-quality satellite datasets of burned area are available
for this period. The year 2001 is the first year with data from the
Moderate-resolution Imaging Spectroradiometer (MODIS), which
is the basis for the burned area and tree cover datasets we used
here. The year 2012 is the last year with simulation outputs from
all models. The satellite burned area datasets were used by many
modelling groups during model development. The models show
the smallest inter-model differences in simulated burned area for

this interval, which is therefore also the time period in which the
simulated fire impacts are expected to be best constrained. The
spatial variability in burned area is better captured by the model
ensemble median compared to the model ensemble mean. The lat-
ter shows a higher mean absolute deviation from the remote sens-
ing datasets and lower spatial variability, for example, the virtual
absence of fire in the rain forests is not captured by the ensemble
mean (Figure S3a). The median is generally more robust to outliers
than the mean. We therefore use the model ensemble median of
burned area throughout the manuscript. This choice does not have

any effect on our conclusions.

2.2 | Datasets

As detailed model evaluations for burned area have been performed
in other studies (Andela et al., 2017; Forkel, Andela, et al., 2019;
Hantson et al., 2020; Teckentrup et al., 2019), we include the burned
area map of the model ensemble only in the supplement (Supporting
Information S3; Figure S3), together with the mean of three satel-
lite burned area products: GFED4 (Giglio, Randerson, & van der
Werf, 2013), GFED4s (Randerson, Chen, van der Werf, Rogers, &
Morton, 2012) and the FireCCI50 (European Space Agency Climate
Change Initiative, Fire_CCl, version 50; Chuvieco et al., 2018).

We use a satellite tree cover product, and observation-driven
datasets on the carbon cycle components and compare global spatial
distribution and latitudinal gradients to the model simulations with
and without fire. We compared modelled tree cover to the MODIS
collection 6 MOD44B canopy cover product (Townsend et al., 2011).
The tree cover in this remote sensing dataset saturates at ca. 80%
while models assume a maximum of 100%. An 80% tree cover in
terms of canopy cover as reported in that dataset corresponds to
100% forest cover in terms of crown cover (Hansen et al., 2013) as
assumed by the models. Therefore we rescaled the remote sensing
dataset by dividing by the maximum tree cover (approx. 80%) of
the same dataset regridded to the model resolution. We again used
the average over the years 2001-2012. We also used this dataset

N cycle

[ ]

Vegetation type > crp || CVes

Vegetation cover

C Litter |—»{ C soil |
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cMm
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R | LPI-GUESS-SIMFIRE-BLAZE
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FIGURE 2 Representation of the impact of fire on different components of the carbon/nutrient cycle in the FireMIP models. Note that
INFERNO does not have explicit litter pools but uses two of four soil pools instead. C Litter, carbon stored in litter; C Soil, carbon stored in
soil; C Veg: carbon stored in vegetation; CLM, Community Land Model; GPP, gross primary production; LAI, leaf area index; NPP, net primary

production; N cycle, nitrogen cycle
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to derive a mask for tropical savanna regions. Savanna regions are
characterized by the highest burned areas worldwide, and impacts
of fire are therefore expected to be particularly large. Tropical sa-
vanna regions were defined as regions between latitudes of 30°S
and 30°N and with rescaled tree cover between 10% and 60%. The
limits are tree cover values that show low frequency in the tropical
region and were used as threshold between grasslands, savannas
and forests before (Hirota, Holmgren, Van Nes, & Scheffer, 2011;
Staver, Archibald, & Levin, 2011).

We used a compilation of observation-driven estimates of mean
annual GPP, vegetation carbon content (C Veg, i.e. above- and be-
low-ground biomass), total ecosystem carbon content (C Total, i.e.
vegetation and soil carbon, C Soil), and of ecosystem carbon turn-
over time t defined as (Carvalhais et al., 2014):

_ CVeg + CSoil _ CTotal )
B GPP ~ GPP’

The data compilation provides, for each variable, an ensemble of
estimates to quantify uncertainties. We used the median estimate
and the 25% and 75% percentiles of the ensemble. The GPP dataset
was derived by upscaling in situ eddy-covariance-derived estimates of
GPP to the globe using satellite data and a suite of machine learning
models (Jung et al., 2011). Global estimates of vegetation carbon con-
tent were derived from satellite-derived maps of above-ground forest
biomass (Carvalhais et al., 2014; Saatchi et al., 2011) and from empir-
ical estimates of below-ground and herbaceous biomass (Carvalhais
et al., 2014). Total soil carbon was estimated from two soil databases
and by extrapolating the distribution of carbon until the full soil depth
using two empirical approaches (Carvalhais et al., 2014). The defini-
tion of ecosystem carbon turnover time follows the assumption that
carbon pools are in steady state. This assumption is not valid on short
(seasonal to annual) time scales if ecosystem disturbances such as fires
cause large carbon emissions followed by a stronger ecosystem car-
bon uptake through vegetation regrowth. The computation of the ratio
(Equation 1) is sensitive to spatial aggregation (see Figure S1), first ag-
gregating to global values leads to much lower turnover time estimates
than computing the ratio first at grid cell level and aggregating to the
global value subsequently. Hence, we used the ecosystem turnover
time as a diagnostic to quantify the effects of fire on the average eco-
system carbon cycling on a decadal time scale and the coarsest model
grid scale (2.8125° x 2.8125°).

2.3 | Data processing

We used the climate data operators (version 1.9.3; www.mpimet.mpg.
de/cdo) and the statistical software R, version 3.4.4 (R Core Team,
2018), for data processing and plotting. We used the FireMIP model
output of carbon stored in litter, vegetation and soil, gross primary pro-
ductivity (GPP), burned area and land cover fraction. For all variables,
the data were averaged over the years 2001-2012 and then aggre-
gated to the spatial resolution of the coarsest model (CLASS-CTEM,
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2.8125° x 2.8125°). We then derived total carbon, turnover times and
tree cover. Total carbon was computed as the sum of vegetation and
soil carbon (soil carbon includes the litter carbon). Ecosystem turnover
time was computed from model outputs using Equation (1) following
Carvalhais et al. (2014). We did not include grid cells where the decadal
average GPP was less than 10 g C/year in the computation of turnover
times (consistent with Carvalhais et al., 2014) and only included grid
cells in the comparison where both the observations and the models
provided an estimate. The definition of vegetation types differs be-
tween the models. We therefore used the tree cover as an integrated
measure of changes in vegetation type to simplify the comparison
across models. Tree cover for models including dynamic biogeography
(JULES-INFERNO, JSBACH-SPITFIRE, LPJ-GUESS-SIMFIRE-BLAZE,
LPJ-GUESS-SPITFIRE; see Figure 2) was computed as the sum of all
tree PFT cover fractions (excluding shrubs if present).

We quantify the difference between simulations and observa-
tion-driven datasets by the normalized mean error (NME; Kelley
et al., 2013). We examine the impact of fire in terms of the spatial
distribution and global changes in vegetation and carbon cycle com-
ponents between the reference SF1 including fire and SF2_WWF
(without fire) simulations. We use the model ensemble median, as it
is more robust to outliers, and include the first and third quartiles for
the latitudinal gradients and global values. The only exception to this
approachis for tree cover changes where we use the mean due to the
small number of models providing fire-induced tree cover changes
(only four). Area weighting was applied to compute global values. We
report the inter-model correlations between the different parame-
ters of global changes due to fire. For the intra-model correlations
of individual models, we correlate the temporal averages of the grid
cells. For the latter, only grid cells were included where burned area

was greater than zero in the reference simulation.

3 | RESULTS
3.1 | Fire impact on vegetation distribution

Four models simulate the distribution of vegetation types dynami-
cally: LPJ-GUESS-SPITFIRE, LPJ-GUESS-SIMFIRE-BLAZE, INFERNO
and JSBACH-SPITFIRE (Figure 2) and were used to assess the impact
of fire on tree cover. Including fire significantly decreases the NME
between models and observations from 0.47 to 0.39 for the ensem-
ble mean, as well as for each individual model (Table 1). The models
capture the spatial patterns of tree cover distribution (Figure 3a).
They tend to have slightly higher tree cover than the MODIS data-
set, except for the southern extra-tropics where the satellite dataset
shows a higher tree cover (Figure 3b).

Comparing simulations with and without fire shows that the
models simulate, on average, a 10% decrease in tree cover when
fire is taken into account (individual model results vary between
3% and 25%, see Figure S4). The largest simulated impact of fire
on tree cover occurs in the tropics (reduction by 3 million km?, be-

tween 0.5 and 6.7 million km? for individual models). A large part
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TABLE 1 Normalized mean error (NME) between observation-driven datasets and model simulations with and without fire for gross
primary productivity (GPP), carbon stored in vegetation (C Veg), total land carbon storage (C Total) and tree cover (TC)

GPP GPP no C Veg C Veg C Total C Total TC with TC no
Model with fire fire with fire no fire with fire no fire fire fire
CLM 0.585 0.48079 0.936 0.947 2.408*** 2.783***
CLASS-CTEM 0.434 0.422 0.703 0.687 1.087 1.047
INFERNO 0.550 0.538 0.712 0.721 1.102* 1.046* 0.755** 0.801**
JSBACH-SPITFIRE 0.550 0.550 0.720 0.736 1.976 1.964 0.532** 0.595**
LPJ-GUESS-SIMFIRE-BLAZE 0.376 0.391 0.553*** 0.731*** 0.929* 0.884* 0.436* 0.463*
LPJ-GUESS-SPITFIRE 0.474 0.475 0.937 0.968 1.047 1.026 0.619** 0.694**
ORCHIDEE-SPITFIRE 1.236 1.208
Ensemble median 0.283 0.285 0.535* 0.573* 0.886*** 0.819***
Ensemble mean 0.25 0.263 0.549** 0.591** 0.909** 0.877** 0.389*** 0.471***
Note: Asterisks indicate significance level of NME changes: *p < .1, **p < .5, ***p < .01.
a) TCfire b) TC MoDIS (e) - MoDIS fire on - off
fire - fire on - off mean
= M e * - ~ fire mean
- *"?’u ko fﬁ f‘y & — 3 *‘é".a S
- - A ™ :
s - L o
!’. ‘5 "\ .: 0 ' ©
) ? 4 ¥ 7 P o |
<
[ IEE— |
0.0 0.2 0.4 0.6 0.8 1.00.0 0.2 0.4 0.6 0.8 1.0 § 8 1
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- w ::hg :’j - 8| |
“a v . e .
o i =) & o
¥ N © T T T T T T
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FIGURE 3 Model mean of LPJ-GUESS-SPITFIRE, LPJ-GUESS-SIMFIRE-BLAZE, JSBACH-SPITFIRE and JULES-INFERNO. (a) Tree cover
(TC) for simulations including effects of fire, (b) observed TC, (c) TC for simulations without fire, (d) impact of fire on TC, that is, difference
between (a) and (c), (e) latitudinal patterns of the MODIS TC, modelled TC of the reference simulation, and difference between the
simulation with and without fire (models delta). MODIS, Moderate-resolution Imaging Spectroradiometer

84% (between 63% and 89%) of this tree cover decrease is located
in savanna regions surrounding the tropical rainforests (Figure 3). In
these regions, burned area is highest and the simulated burned area
compares well with the observations (Figure S3). For extra-tropical
regions, the simulations show a tree-cover reduction of 1.2 Mio. km?
(individual model results between 0.04 and 2.6 Mio. km?).

We explore the effects of anthropogenic land cover and
model complexity as these are possible reasons for differences to
and between earlier studies. The change in tree cover for a given
burned area fraction decreases with increasing land use fraction
(Figure S5a). We estimate a fire-induced reduction in tree cover of
16% without anthropogenic land use for the model ensemble mean
(Supporting Information S4), which means that anthropogenic land
cover change strongly limits the impact of fire on vegetation distri-
bution. Information about the land use fraction was only available
for JSBACH-SPITFIRE and LPJ-GUESS-SIMFIRE-BLAZE. Using ei-
ther the land use fraction of the individual model or the average, the
fire-induced reduction in tree cover for the model ensemble varies
between 15% and 16%. The complexity of the vegetation dynamics

within the models appears to matter for the magnitude of the impact

of fire on tree cover. The LPJ-GUESS models estimate a lower impact
(SIMFIRE-BLAZE: 3%, SPITFIRE: 6%) of fire on tree cover (Figure S4;
Table S1) compared to JSBACH-SPITFIRE (9%) and JULES-INFERNO
(25%). The coefficient of variation of the tree cover changes is higher
for the more complex LPJ-GUESS models and indicates that the im-
pact of fire on tree cover in these models is less direct (Table S1). The
LPJ-GUESS models include age cohorts, while JSBACH-SPITFIRE
and JULES-INFERNO represent vegetation in terms of a mean indi-
vidual plant. However, a systematic comparison of different model
formulations would be necessary to reliably answer the question
how model complexity influences the results.

3.2 | Fire impacts on the carbon cycle

Fire generally reduces carbon storage, GPP and turnover times,
that is, fire accelerates the carbon cycle, in the model simulations
(Figure 4). The impact of fire is highest in the tropics (Figure 5)
where annual burned area is highest and the simulated burned

area compares well to observations (Figure S3). High relative
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impacts indicate that ecosystem structure is strongly impacted by
fire, and may therefore be sensitive to changes in fire regimes.
For carbon management strategies, which aim to maximize the
terrestrial carbon storage, the absolute impacts are more impor-
tant. Globally, the relative impact of fire is strongest on the di-
rectly affected carbon pools (vegetation and litter) and all models

show a fire-induced reduction of these pools (Figure 4). The global

relative losses of vegetation carbon are higher than for the other
carbon pools (Table 2). The relative impact in certain latitudinal
bands is strong (up to around 20%, Figure 5, fifth column). The
largest impacts are located around the edges of tropical rainfor-
ests (Figure 5), where there is more fire activity than in the heart
of the rainforests and where vegetation productivity and tree

cover are less limited by dry conditions. Savanna regions show a
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TABLE 2 Absolute and relative impacts

GPP (Pg C/ C Vegetation C Litter C Total Turnover time on GPP. carbon pools and turnover times
Global year or %) (Pg Cor %) (Pg C or %) (PgCor%) (yearsor %) . ’ P R . . .
estimated by comparing simulations with
Median -1.07 -62.01 -10.10 -103.01 -0.93 and without fire for the globe and for
absolute savanna regions
75% percentile -0.07 -28.57 -5.67 -49.89 -0.49
absolute
25% percentile -7.53 -101.35 -27.64 -190.95 -1.46
absolute
Median relative  -0.90 -9.48 -7.19 -6.29 -3.48
(%)
75% percentile -0.04 -5.36 -5.56 -3.33 -3.27
relative (%)
25% percentile -5.79 -20.18 -13.43 -10.29 -5.58
relative (%)
Savanna regions
Median -0.39 -35.01 -2.32 -44.39 -1.1
absolute
75% 0.37 -16.22 -1.87 -25.46 -0.8
percentile
absolute
25% -3.6 -57.19 -10.13 -83.85 -1.15
percentile
absolute
Median -0.82 -17.27 77 -8.59 -10.26
relative (%)
75% 0.54 -7.83 -6.52 -7 -7.68
percentile
relative (%)
25% -7.62 -30.72 -22.39 -16.8 -12.49
percentile

relative (%)

Abbreviation: GPP, gross primary productivity.

fire-induced reduction of 17% in vegetation carbon, globally this
reduction is only 9.5% (Table 2). For the litter carbon, the differ-
ence between the global relative impact and savanna regions is
small (7.2% and 7.7%, Table 2).

Models show a consistent decrease in total carbon (Figure 4) with
a median reduction of 6% (first quartile is 3.3%, third quartile 10.3%,
Table 2). The total median absolute loss is 100 Pg C with 44 Pg C in
savanna regions. The amount of carbon lost from vegetation is the
largest contribution to the total carbon loss (Table 2, 60% globally
and 79% in savanna regions).

Only in the case of GPP does the model ensemble show a fire-in-
duced increase in a few grid cells in South America (Figure 5a), but
the sum over grid cells with increasing GPP is only 7% of the total
GPP decreases. The median global response of GPP to fire is near
zero (1%, first quartile: 0.03, third quartile: 5.8%, Table 2). Models
not including dynamic biogeography (CLM, CLASS-CTEM) show a
decrease in GPP due to fire (Figures 4 and 5a). The response of mod-
els including dynamic biogeography diverges. Two models show little
change (LPJ-GUESS-SPITFIRE and JULES-INFERNO), one shows a
clear fire-induced reduction (LPJ-GUESS-SIMFIRE-BLAZE) and one
shows an increase in GPP (JSBACH-SPITFIRE). Including fire does

not significantly change the mismatch between models and obser-
vation-driven datasets of GPP (Table 1).

The carbon turnover time decreases due to fire for all models
(Figure 4). However, this fire-induced reduction in turnover is glob-
ally less than 10% for all models with a median reduction of turnover
time of 3.5%, a small difference between the first (3.3%) and third
(5.6%) quartiles. The model spread in carbon turnover time is from
2.5% to 9%, which is relatively small compared to total or vegetation
carbon storage (Figure 4). The absolute global median decrease in
turnover time is less than 1 year (Table 2). In savanna regions, the
absolute impact of fire on turnover times is similar but the relative
impact is stronger (between 7.7% and 12.5%),

The simulated global distribution and latitudinal gradient
of GPP and carbon stored in vegetation agree well with obser-
vation-driven estimates (Figure 5a,b). The model spread for the
latitudinal gradient is similar to the uncertainty of the observa-
tion-driven estimate (Figure 5). The improvementin NME when fire
isincluded is significant for the model ensemble in the case of veg-
etation carbon and very small for GPP (Table 1). For the total car-
bon storage and turnover times, the model ensemble medians are

clearly lower than the observation-driven estimates (Figure 5c¢,d).
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The NME between models and the observation-driven dataset for
total carbon storage shows a poor model performance and the
NME increases when including fire for the model ensemble and
most individual models (Table 1). The difference between simu-
lated total carbon stored and the observation-driven dataset stem
from lower simulated soil carbon storage, as the vegetation car-
bon is similar between models and data. The largest difference in
the spatial patterns of turnover times is located in high altitude
and high latitude regions where turnover times are much higher
in the observation-driven dataset. For all simulations, the carbon
cycle components of the model ensemble are always closer to the
observation-driven datasets than any individual model (Table 1)
which supports the use of model ensembles to reduce uncertain-
ties in simulation results.

Models including a nitrogen cycle (CLM, LPJ-GUESS-SIMFIRE-
BLAZE; Figure 2) show the strongest response in GPP, litter and
total carbon storage and are two of the three models with stron-
gest response for carbon stored in vegetation (Figure 4). There is
no clear tendency of models including dynamic biogeography to
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have stronger or weaker influences on the carbon cycle compared to
models with prescribed biogeography (Figures 2 and 4).

The spatial patterns of fire-induced changes are similar for the
different carbon cycle components (Figure 5) and they resemble the
spatial patterns of simulated burned area (Figure S3). However, the
spatial patterns of burned area and fire impacts on different carbon
cycle components are not the same. The impacts peak at different
climatic conditions in terms of precipitation and the highest impacts
do not necessarily occur at maximum burning (Figure 6). The relative
impact of fire on GPP peaks at precipitation values below 500 mm/
year, the largest impact on vegetation carbon occurs at 700 mm/
year. Tree cover, total carbon and turnover times have peak rel-
ative impacts of fire at higher precipitation values (900 mm/year),
where burned area is also highest (Figure 6a). Highest absolute im-
pacts occur under moister conditions compared to the regions with
highest burning (Figure 6b). Absolute impacts of fire on vegetation
carbon and GPP peak at high values of mean annual precipitation
(1,500 mm/year) as carbon storage and productivity increase with
moisture (Figure 6).

(a) Relative

(b) Absolute scaled between -1 and 1

0.0

Fire impact

— Bured area

GPP

Vegetation carbon
— Trec cover

Total carbon

= Turnover time
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Precipitation [mm per year]

FIGURE 6 Local polynomial regression fit (loess) of the (a) relative and (b) normalized absolute impact of fire on gross primary
productivity (GPP), vegetation carbon, tree cover, total carbon and turnover time versus mean annual precipitation for the model ensemble
median. The dataset was filtered for data where burned fraction was higher than 0.01 on average and truncated for precipitation higher than
2,500 mm/year as under such high precipitation conditions no regular burning occurs. In (b), the regression lines were normalized such that
the minimum or maximum of the regression is -1 for the impacts and 1 for burned area
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3.3 | Relationships between fire impacts

To understand the relationships between burned area and fire im-
pacts on the different model components, we examine inter-model
and intra-model correlations between changes in burned area, tree
cover and the carbon cycle components (Figure 7). These correla-
tions show that models with a strong effect of fire on vegetation
productivity also show a strong influence of fire on litter and total
carbon storage. The influence of fire on litter correlates with the
influence on total carbon while changes in total carbon correlate
with changes in turnover time. Correlations between any other two
model variables are not significant. The inter-model correlations be-
tween burned area and fire impacts are not significant (Figure 7).
Differences in global burned area between models therefore do not
explain any differences in fire impacts. This indicates that the pa-
rameterization of the fire impact is more important than the extent
of fire occurrence in the models. The intra-model correlations show
that models with prescribed land cover show stronger correlations
between changes in burned area and carbon cycle components
(Figure 7; CLM, CLASS-CTEM and ORCHIDEE-SPITFIRE). For these
models, the correlations between impacts on different carbon cycle
components are positive and correlations between burned area and
impacts on carbon cycle are negative. Correlations are weaker for
models with dynamic biogeography or show both positive and nega-
tive relationships between carbon cycle components. This indicates
that a higher degree of coupling between the modelled processes

dampens the effects of fire in vegetation models.

4 | DISCUSSION

4.1 | Differences to previous studies and possible
reasons

Models that include the effects of fire on biogeography consistently
produce a fire-induced tree cover reduction, in this and in previously
published studies. Our study indicates an apparent smaller impact of
fires on vegetation type compared to previous studies, which found
a doubling of forest area without fire using a fire-vegetation model
(Bond et al., 2005) and a reduction in tree cover of between 15%
and 25% with fire based on a vegetation model in combination with
remote sensing burned area datasets (Poulter et al., 2015). The for-
est area in the first study was defined as the area of grid cells with
tree cover greater than 80%. Comparing these two metrics of veg-
etation change, we find a 3.5 times higher fire-induced change for
forest area than for tree cover (35% change in forest area and 10%
change in tree covered area). Another important difference between
the present study and previous studies is the representation of an-
thropogenic land use and land cover change, which is prescribed in
the models here and was not taken into account in previous stud-
ies. Taking this into account leads to a reduction in tree cover in the
models since anthropogenic land cover excludes woody functional

types, and therefore decreases the potential tree cover without fire.

Both of the available studies did not take into account land use ef-
fects on tree cover. We estimate a 16% fire-induced reduction in
tree cover without land use (Supporting Information S4) compared
to a 10% reduction when land use is taken into account. This com-
pares well to the lower estimate of Poulter et al. (2015), which was
achieved using one of the most accurate burned area satellite data-
sets (Padilla et al., 2015). Assuming a ratio between changes in forest
cover and tree cover of 3.5 as identified above yields an increase in
forest cover of 56% when fire is excluded and land use not taken into
account, an estimate much closer to the Bond et al. (2005) study.

A final reason for the reduced impact of fire on tree cover in the
current study compared to previous studies is the representation
of burned area in terms of global extent and spatial distribution.
Land use not only influences the tree cover but also burned area.
Although increases in fire occurrence due to humans are shown in
local and regional studies (Bowman et al., 2011), on a global scale
the dominant signal is a reduced burned area in response to land use
(Andela et al., 2017; Bistinas, Harrison, Prentice, & Pereira, 2014).
Landscape fragmentation and reduction of fuel loads are plausi-
ble explanations of these observed responses. Global burned area
datasets and the FireMIP models which used these datasets to
constrain the global burned area should therefore have lower total
burned area than a fire model without human effects as used in
Bond et al. (2005). Besides the global extent of burning the spatial
distribution of burned area has consequences for the fire-induced
changes in tree cover: the potential fire-induced tree-cover reduc-
tion in regions with low tree cover is smaller than in regions with
high tree cover. While older fire models usually show very low spatial
variability (Kloster & Lasslop, 2017), more recent models improved
the sharp contrast between the low fire occurrence in closed for-
ests and high burning in grasslands shown by observations (Hantson
et al., 2020; Teckentrup et al., 2019). A lower impact of fire on tree

cover in these recent models can therefore be expected.

4.2 | Confidence in simulated fire impacts

Based on the comparison of simulated patterns with observational
datasets, the spread between models and our understanding of the
processes based on previous studies, we have higher confidence in
certain aspects of our results.

The models' ability to reproduce the spatial patterns of burned
area is good, especially in the savanna regions, where we find the
highest impacts (Figure S3). Although the spatial patterns are con-
sistent across available burned area datasets, the global and regional
totals of burned area are still subject to large uncertainties (Chuvieco
et al., 2019). In combination with the large spread in global total im-
pacts of fire between models (Figure 4), we have lower confidence in
the global totals compared to the spatial patterns.

The improved agreement between observation-driven datasets
and the model ensemble mean or median compared to individual
models (Figure S3; Figure 3; Table 1) for any of the parameters we

investigated identifies a higher confidence in the ensemble results
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compared to results of individual models. This improved perfor-
mance of ensembles is found in many fields, for instance, for climate
models (Flato et al., 2013).

The models capture the spatial distribution of tree cover and
vegetation carbon and including fire in the simulations leads to
significant reductions in NME for these two parameters (Table 1).
The improvements are smaller for the vegetation carbon, which
may partly reflect the high uncertainty in biomass data prod-
ucts (Mitchard et al., 2013). The effect of fire on vegetation type
is only included in four models, the sample size is therefore small,
but remains a significant improvement over previous studies using
individual models. The consistency between models, but also the
consistency between modelled results, expectations based on pre-
vious model simulations (Bond et al., 2005; Poulter et al., 2015) and
fire exclusion experiments (Furley et al., 2008) lead to a high confi-
dence in the modelled results on the impact of fire on tree cover and
vegetation carbon.

Carbon stored in litter pools is also consistently reduced due
to fire, but the evaluation is difficult as definitions of litter pools
differ between models, and the uncertainties associated with an
available global dataset are unknown (Pettinari & Chuvieco, 2016).
Nevertheless, the similar spread between models for the impacts on
litter and vegetation carbon indicates a similar uncertainty for fire
effects in litter as for vegetation carbon (Table 2; Figure 4).

There is less consistency between models about the impact of
fire on productivity and total carbon storage (Figure 4). Including
fire in the simulations does not decrease the differences between
simulations and observation-driven datasets for productivity and
carbon storage (Table 1). It is however also unclear how well the
observation-driven datasets capture the effects of fire. Moreover,
observational evidence on how fire affects productivity and soil
carbon is low. Previous modelling studies on the impact of fire on
productivity show a similar divergence in estimated fire-induced
productivity changes (Li et al., 2014; Poulter et al.,, 2015; Yue
et al., 2015). Increases in productivity due to changes in vegetation
types and structure, for example, through the higher productivity of
regenerating forests and of C, grasses compared to trees, was found
previously in a study investigating effects of land use change using
vegetation models (Krause et al., 2018). Literature reviews show that
grasslands and pastures can have higher soil carbon content than
forests (Guo & Gifford, 2002; Jackson, Banner, Jobbagy, Pockman,
& Wall, 2002). Fire exclusion experiments suggest that fire increases
soil carbon in needleleaf forests but substantially decreases soil
carbon in savannas, grasslands and broadleaf forests (Pellegrini
et al.,, 2017). Dedicated simulations that account for the site-specific
conditions of fire exclusion experiments would be required to make

better use of these datasets in model development.

4.3 | Limitations in current modelling approaches

Comparison with observation-driven datasets showed that the mod-

els poorly capture the patterns and magnitude of soil carbon storage.
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Moreover, observations regarding the effects of fire on soil carbon
are limited and the process is not well understood and represented
in models (Lasslop, Coppola, Voulgarakis, Yue, & Veraverbeke, 2019).
Emissions from peatland fires are only included in one model (CLM)
diagnostically, for example, CLM diagnoses emissions but does not
represent the carbon stocks of peatlands nor the effects of fire on
them (Li, Levis, & Ward, 2013; Rabin et al., 2017). Smoke radiocar-
bon measurements show that peat burning releases carbon that has
been locked away for several hundred years (Wiggins et al., 2018).
Emissions from peatland fires are estimated to be a substantial
proportion of the present-day global fire emissions (van der Werf
et al., 2010). The lack of peat fire representation in models may lead
to a substantial underestimation of net carbon loss from terrestrial
carbon stocks due to fire.

A second important effect of fire is the production of charcoal
during combustion. The high recalcitrance of charcoal allows the
transport of this compound by rivers to the ocean where it can be
preserved for thousands of years (Santin et al., 2016). Charcoal there-
fore reduces the effect of fire as carbon source to the atmosphere
(Jones, Santin, van der Werf, & Doerr, 2019; Seiler & Crutzen, 1980).
Estimates of pyrogenic carbon stocks in soil and ocean are higher
than the losses in the terrestrial carbon storage simulated by veg-
etation models which indicates that fire could even be a net sink of
carbon for the atmosphere (Lasslop et al., 2019). While this process
may be less important on decadal to centennial time scales, it is im-
portant to assess the net effect of fire on the global carbon cycle on
the long term.

Nutrient limitations are important to accurately model the car-
bon cycle (Wang et al., 2017; Warlind, Smith, Hickler, & Arneth, 2014)
and only two of the models used in this study include a nitrogen
cycle. The models calculate the losses of nitrogen and account for
the redeposition by prescribing nitrogen deposition. The nitrogen
fertilization due to redeposition can be of similar importance as the
nutrient losses (Bauters et al., 2018; Chen et al., 2010). In our exper-
iments, the models use the same nitrogen deposition input dataset
for both simulations, which, by their construction, include nitrogen
emitted by fires, transported through the atmosphere and then re-
deposited. This means that the deposition datasets used as input
in the simulation without fire still deposit nitrogen that originated
from fire emissions. The simulations are therefore not consistent,
which leads to an overestimation of fire effects in these models and
may explain the stronger response of these two models (Figure 4).
Nitrogen deposition fields without fire-derived nitrogen need to be
developed to properly account for the effects of nitrogen in such

experiments.

4.4 | Implications of the impacts of fire with
changing fire regimes

Understanding the impact of fire on ecosystems is especially im-
portant as strong, regionally varying changes in fire regimes are ob-

served over the last two decades (Andela et al., 2017; Forkel, Dorigo,
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et al., 2019). We find that the influence of fire, estimated by compar-
ing simulations with and without fire, is strongest in regions where
large changes in burned area were observed (Andela et al., 2017,
Forkel, Dorigo, et al., 2019), for example, tropical savannas, particu-
larly in Africa (Figures 3 and 5).

We show that changes in fire regimes imply changes in tree
cover and carbon storage. Tree cover is an important parame-
ter for biodiversity (Tews et al., 2004) and ecosystem services,
such as carbon storage (Grassi et al., 2017), and water provision
(Evaristo & McDonnell, 2019). However, increased tree cover does
not always imply increased biodiversity or ecosystem services:
trees reduce streamflow in many regions of the world (Bentley
& Coomes, 2020), and a recent study indicates that biodiversity
is maximized when fire regimes are variable, not when fire is ex-
cluded (Beale et al., 2018). Tree cover is also an important driver
for the global spatial distribution of the emergence of zoonotic in-
fectious disease events, with hotspots located in Africa and higher
tree cover increasing the risk of disease events (Allen et al., 2017).
Moreover, fire directly impacts abundance of infectious disease
pathogens in various regions of the world (Scasta, 2015). The
strong observed decreases in burned area (Andela et al., 2017)
in regions with highest fire impacts, for example, northern hemi-
sphere Africa (Figures 3 and 5), the potential direct and indirect
(through tree cover) effects of fire on biodiversity and disease
risks, imply that an increased monitoring of fire regime changes,
ecosystem structure, biodiversity and disease pathogens in this
region could potentially improve the understanding of this inter-

disciplinary net of processes.

5 | CONCLUSIONS

We present the first multi-model assessment of the impact of fire
on vegetation distribution and the carbon cycle with state-of-the-
art fire-vegetation models, which take into account effects of an-
thropogenic land use change. The model ensemble mean or median
performs better than any individual model according to comparisons
with observations. We therefore consider our results to be the cur-
rent best estimate of the global impact of fire on ecosystems. We
provide a confidence ranking based on the inter-model differences
and comparisons to observation-driven datasets of tree cover and
carbon cycle components. The observational basis for model evalu-
ation is good in terms of the spatial distribution of burned area and
carbon cycle components, information on fire impacts is not availa-
ble on global scale. However, process understanding and information
from fire exclusion experiments support the simulated fire-induced
reduction of tree covered areas and vegetation carbon storage of
terrestrial ecosystems. Understanding of fire impacts on productiv-
ity and soil carbon is low. Missing soil carbon processes in models,
such as permafrost and peatland processes, additionally limit the
confidence in simulated results and model developments are re-
quired to advance. More detailed model-data synthesis studies and

corroboration with site-level experiments are promising pathways to

further improve the understanding of fire-induced changes in fire-
ecosystem interactions. Overall, our study confirms the globally sig-
nificant role of fire in shaping ecosystem structure and the need to
represent the process in dynamic vegetation models. In the context
of efforts to mitigate and adapt to climate change and of the strong
observed changes in fire regimes over the last decades, our results
imply that fire and its future changes must be taken into account to
understand the future trajectories of terrestrial ecosystem carbon
storage and structure with knock-on effects on ecosystem services

and biodiversity.
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