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Abstract 19 

 20 

Wildfires generally result in biospheric recovery approximating the pre-disturbance 21 

state. However legacy carbon(C) gains and losses that have until now been overlooked in 22 

global-scale theory and modelling indicate that post-fire C gains through pyrogenic 23 

carbon (PyC) production, and losses via fire regime shifts, post-fire mortality, topsoil loss 24 

and inland water export, may be central to whether 20th century fires have imposed a net 25 

terrestrial C source or sink.  Here, we integrate PyC production and soil accumulation 26 

into a global terrestrial model (ORCHIDEE-MICT) and estimate wildfire C-gains and 27 

losses over 1901-2010, quantifying the fire-C balance at global, regional and vegetation 28 

scales.  Excluding the effect of PyC mineralisation, fires provide a land storage of +177 29 

TgC yr-1 (63% PyC production), dominated by grasslands.  The global balance is 30 

nuanced, with forest fires resulting in strong terrestrial net C loss:gain ratios (>-2:1) that 31 

are greatest in tropical regions (>-3:1). Frequent tropical grassland fires are responsible 32 

for the bulk of the land PyC sink and its environmental persistence, whose theoretical 33 

minimum mean residence time we quantify at 2760yrs.  We highlight the dependency of 34 

the global fire-C balance on vegetation coverage and the potential role of preserving 35 

grasslands, particularly those in the tropics, in that regard. 36 

 37 

Wildfires are a key driver of disturbance-recovery cycles in many regions of the world. While 38 

fires emit large quantities of C to the atmosphere (~2 PgC yr-1)1, subsequent vegetation 39 

recovery re-captures the emitted C on decadal timescales and results in an uncertain but likely 40 

small net impact on atmospheric C in the long run.  Natural shifts in fire regimes and vegetation 41 

occur infrequently and are largely driven by climatic and human perturbations, such that 42 

biomes tend towards quasi- steady state outside of these. It is thus assumed that on decadal to 43 

centennial time-, and biome to global spatial- scales:  44 

 45 

𝑬	𝑭𝑪𝑶𝟐
% =	𝑼𝑽𝑪𝑶𝟐

' 		 (1) 46 

 47 

Where 𝐸()*"	is fire CO2 emissions due to vegetation combustion, and 𝑈+)*" is uptake of 48 

atmospheric CO2 by post-fire vegetation recovery, poles referring to flux direction with respect 49 

to C stocks in the terrestrial biosphere.However, recent research on both sides of the flux 50 

complicates this perspective. A range of long-term ‘legacy’ C fluxes traced back to source fire 51 

events lead to either C accumulation or loss by land ecosystems, however their balance is yet 52 
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to be determined.  On the ‘legacy sink’ side, the charring of biomass by fire creates a by-53 

product known as pyrogenic C (PyC) (~10-20% annual fire CO2 emissions)2,3 which is 54 

significantly more resistant to biochemical oxidation than bulk soil organic carbon (SOC)4–6.  55 

Most studies find that PyC degrades with a ‘mean residence time’ (MRT) of 100s to 1000s of 56 

years 7–10 (1-2 orders of magnitude higher than non-PyC SOC), suggesting a sequestration flux 57 

from the atmosphere which exceeds the temporal boundaries of the fire-recovery cycle in most 58 

fire regimes, driving long-term terrestrial PyC accumulation (𝑆𝑂𝐶,-)
' ). Of the PyC produced, 59 

we assume a fraction additional to 𝑆𝑂𝐶,-)
'  consists of a lightweight ‘labile’ component that is 60 

likewise readily mobilised, hereafter denoted 𝑃𝑦𝐶./
'  (Supplementary Text S2). 61 

 62 

The magnitude of the global PyC sink is dependent on its production rate and MRT with respect 63 

to degradation processes, which is a positive function of maximum flame intensitiesy4,9 related 64 

to biomass loading and moisture content11.   65 

 66 

Thus, frequently-burned biomes like grasslands can be expected to host low-intensity fires that 67 

produce relatively labile PyC compared to that of forests which host less frequent and more 68 

intense fires due to lower and generally wetter fuel stocks.  A trade-off between PyC input and 69 

MRT determines PyC storage across biomes: Increasing grass cover leads to more frequent 70 

PyC production, however this PyC tends to be relatively labile (Fig. 1).  71 

 72 

On the ‘legacy source’ side, fires impose long term C deficits on the terrestrial biosphere via 73 

several mechanisms: First, the return of biomes to their pre-fire biomass state (Fig.1a) requires 74 

a stable fire regime, in which the biomass recovery interval (BRI; the time period of complete 75 

vegetation recovery) is shorter than the fire return interval (FRI; the time between fires).  76 

Violation of this condition (BRI < FRI)  entails a change in the fire regime and an overall C-77 

deficit, representing a step-wise decrease in biomass C (𝑉𝐶∆(1234) and land coverage (Fig. 1a). 78 

Second, tropical rainforests exposed to pre-fire disturbances such as drought12 are vulnerable 79 

to episodes of aboveground vegetation-C (VC) mortality (𝑉𝐶5678) in the decades following 80 

fires (𝑉𝐶5678 can exceed 25% of VC)13,14.  Third, in areas where the existing fire regime results 81 

in higher fire frequencies than the average for that vegetation type, large fractions of SOC can 82 

be lost through combustion, erosion and microbial mineralisation (𝑆𝑂𝐶9:;6<<). Topsoil SOC 83 

losses through this mechanism have been observed to exceed 20% on average in grasslands 84 

and broadleaf forests15. Fourth, PyC is liable to export from land to oceans via rivers 85 

(𝑆𝑂𝐶,-)=>?
% ) in particulate or dissolved  form (Py-POC; Py-DOC, respectively), totalling >40 86 

TgPyC-C yr-1 7,16.  A fraction of this exported PyC is later deposited to the ocean floor up to 87 

1E+04 yrs7 after its initial production, with some proportion of photo-oxidative degradation 88 

occurring en route17. Although considered as a loss term in the terrestrial C budget equation 89 

below, 𝑆𝑂𝐶,-)=>?
%  largely represents C displacement from terrestrial to aquatic realms, not an 90 

atmospheric flux. Finally, substantial amounts of PyC are lost through mineralisation in soils 91 

and inland aquatic systems (EPyC)17, though this quantity is poorly constrained in part due to 92 

the challenges surrounding the observation of PyC mineralisation over a small fraction of the 93 

expected MRT of PyC. 94 

 95 

If all legacy sinks and sources are considered then a second, indirect set of variables for the fire 96 

C-balance condition can be formulated in addition to Eq. 1: 97 

 98 

𝑺𝑶𝑪𝑷𝒚𝑪
' + 𝑷𝒚𝑪𝑳𝑾

' = 𝑽𝑪∆𝑭𝒊𝑹𝒆𝒈
% + 𝑽𝑪𝑴𝒐𝒓𝒕

% + 𝑺𝑶𝑪𝒉𝒇𝒍𝒐𝒔𝒔
% + 	𝑺𝑶𝑪𝑷𝒚𝑪𝑬𝒙𝒑

% +	𝑬𝑷𝒚𝑪
% 	 (2) 99 

 100 
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Including 𝑆𝑂𝐶,-)=>?
%  means that Eq. 2 gives the net flux of post-fire C with respect to the 101 

terrestrial biosphere, not with respect to the atmosphere because we do not consider aquatic 102 

fluxes (Supplementary Text S1). In order for the terrestrial fire C cycle to be in steady state 103 

over decadal to centennial scales, both equations (1) and (2), must hold.  104 

 105 
Figure 1: Schematic representation of the interrelation between plot or biome -scale: (a) Change of vegetation 106 
biomass post-fire to steady state (𝑉𝐶##$) and its evolution with change in fire regime (𝐹𝑅𝑒𝑔.$), where subscript 107 
(𝑛) refers to the specific fire regime as a 𝑓(time). Included is vegetative C-loss term due to change in FReg. 108 
(∆𝑉𝐶∆&'()*($,$-.)). (b) is a graphic aid to mirror the y-axis in (a) onto the x-axis in (c).  (c) Fire intensity and 109 
terrestrial biomass accumulation (assumed here to be directly proportionate to ∆Biomass in (a)). (d) PyC 110 
production and its mean residence time with FRI (reverse axis) and flame intensity in (c). Sub-graphs (a,c,d) are 111 
thus related to one another by the coloured dashed lines. Refs.: 2,4,5,11,18–21 112 

Mechanistic models of the terrestrial carbon cycle have thus far failed to include the legacy 113 

sinks and sources invoked by fire. Here we, integrate these fluxes into a dynamic global 114 

vegetation model (DGVM) to provide the first estimate of the annualised components of the 115 

legacy C cycle of fire represented by Eq. 2 (see Methods). Specifically, we incorporate dynamic 116 

PyC production by fires into ORCHIDEE-MICT (rev.8.9.1),2223,24 and run the model globally 117 

(0.5° resolution, monthly timestep) over 1901-2010 forced by historical CO2, imposed 118 

vegetation (ESA-LUH2) and CRU-NCEP v825 climatology (Methods). We investigate the 119 

spatio-temporal dynamics of the legacy fluxes over the 20th Century and quantify a fire C 120 

balance for global biomes (Methods, Fig. S1). C loss terms in Eq. 2 are derived offline from 121 

model output (Methods). FRI is determined for each grid cell and plant type as a probabilistic 122 

function of fire CO2 emissions (Methods, Fig. S2). A hybrid model-data approach estimates 123 

the vegetation-specific BRI of each pixel(Methods). We do not explicitly estimate global mean 124 

PyC mineralisation (𝐸,-)
% ) but rather derive its maximum value from the residual of other terms 125 

that form Eq. 2. 126 

 127 

20th Century Patterns of PyC Production 128 
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129 
Figure 2: Simulated PyC production and change over 1901-2010. (a)  Map of global PyC production averaged over 130 
the entire simulation period (log gC m-2yr-1). (b) Simulation-averaged annual absolute PyC production summed 131 
per 0.5° latitude bin (TgC yr-1) in 1901-10 (orange) and 2001-10 (green), with the difference (latter-former) shown 132 
in yellow. 133 

Over 1901-2010, we estimate average annual PyC production of 281 (188-424) TgC-PyC yr-1, 134 

similar to a previous estimate for the period 1997-2016 based on a simpler estimate driven by 135 

satellite observations of fire  (256 (196-340) TgC yr-1)2. Around 73-79% of PyC is produced 136 

in C4 and C3 (13-17%) grasslands (Fig. S3).  Large interannual variations (251-345 TgC yr-1) 137 

are symptomatic of trends over the 20thC27–29, when PyC production declined from an average 138 

of 298 to 269 TgC yr-1 between the first and last 3 decades, largely reflecting climatic and 139 

anthropogenically-forced changes in fire phenomena (e.g. human suppression, Methods).  140 

Distribution of PyC is consistent with that of fires generally, with the bulk occurring in the 141 

range 20°N-30°S (Fig. 2a,b)2. However, declines in PyC production are marked by their 142 

divergence from this bulk latitudinal distribution, occurring almost entirely in the northern 143 

hemisphere, with some PyC production gains in the southern tropics (Fig. 2b), reflecting 144 

grassland degradation in the former and climatic changes (e.g. increasing aridity) in the latter 145 

(Figs. S5,S6,S8).  146 

 147 

Globally, fires affect all biomes but do so in disproportion to their respective surface areas.  148 

Roughly 80% of global burning occurs in grassland-savannah dominated regions30, despite 149 

these today only accounting for ~30-40% of the global land surface31,3226. This mismatch is 150 

caused by the evolutionary niche and adaptation of grasslands, enabling them to thrive where 151 

tree cover is limited by environmental conditions33. Grasses preferentially allocate biomass to 152 

belowground organs, allowing them to function immediately after, and rapidly recover from, 153 

disturbance 34,35.  Rapid post-disturbance vegetative and fuel stock recovery (BRI <1-3 yr11,26) 154 

lay the ground for the rapid return of fire events, since tropical grassland fires are typically 155 

dominantly fuel-limited36, and fire returns almost as soon as vegetation has recovered 156 

(FRI≅BRI). This feature of tropical grasslands is important to Eq. 2, since whereas loss terms 157 

𝑉𝐶5678
% 	and	𝑉𝐶∆(1234 are dependent on relative FRI:BRI, the gain term 𝑆𝑂𝐶,-)

'  is an absolute 158 

quantity, meaning simply that the more fire there is the more PyC is injected into the global 159 

soil mass (Fig.1).  Due to high fire frequency and recovery rates, grassland biomes are both the 160 

main source of PyC globally (~250 TgCyr-1), and, compared to other vegetation types, pull the 161 

relative sink and source terms of Eq. 2 towards the former.   162 

 163 

In grasslands, simulation-average annual PyC production fell globally by 8% relative to the 164 

simulation mean pre- and post- 1930, when conversion to agriculture or plantation forest during 165 

the ‘Dust Bowl’ era resulted in a reduction in grassland cover in the Great Plains by up to -166 

96%26,37, with subsequent distributional changes in fire and PyC production (Fig. S4). The 167 
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years after 1930 saw the gradual rollout of conversions38 of grassland to agriculture at global 168 

scale, resulting in average changes of -59 TgCyr-1 and +37 TgCyr-1 in grass and forest 𝑆𝑂𝐶,-)
' , 169 

respectively.  Our vegetation maps show -21% (-1.16 Mkm2) and -12% (-3.6 Mkm2) net 170 

declines in C3 and (tropical) C4 grasslands between the first and last decades of simulation 171 

(Fig. S5), leading to global, correlated decreases PyC production (Fig. 3i, Fig S6), in spite of 172 

global forest PyC production doubling over the same period (Fig. S3). This is consistent with 173 

a generalised shortening of fire return intervals over the 20thC (Fig. S7).  Where grassland 174 

coverage did increase, this was largely secondary vegetation arising from primary forest 175 

degradation39.   176 

 177 

These negative and positive PyC dynamics are, respectively, policy and climate -driven (Figs. 178 

S6, S8): Where PyC production rises, an increase in atmospheric CO2 feeds into NPP and fuel 179 

loading, while increasing temperatures affect fuel moisture, potentially increasing fire ignitions 180 

globally.  Where it falls, the native grassland conversions to plantation in the Great Plains, 181 

Central Eurasia, India, Thailand, Brazil /Argentina and Australia are clearly visible in Fig. S5, 182 

consistent with previous findings of reductions in potential terrestrial biomass due to 183 

agriculture40,41.  PyC gain/loss is modulated by human fire suppression, largely responsible for 184 

an apparent decrease in fires in recent decades27, resulting in decreasing mean flame intensity 185 

and fire duration post-1940 (Fig. S9). The net effect of these dynamics has been to decrease 186 

the partial fire C sink by up to half over the 20th Century (Fig. S10).  187 

 188 

Emerging Constraints on PyC Storage 189 

 190 

We approximate the vegetation-specific potential in situ MRTs of PyC by considering mean 191 

and maximum flame temperatures for each vegetation type (Table S2; see Methods).  192 

Surprisingly, we find that Tropical (C4) grasslands and savannah regions host some of the 193 

highest maximal and mean flame intensities, which confers correspondingly high PyC MRTs 194 

(Fig. 1), in contrast with C3 grassland fires whose intensities are lower than most vegetation 195 

types. The data also indicate that fires tree-dominated vegetation types are generally more 196 

intense than in grasslands despite the absence of crown fire representation, which can release 197 

very large amounts of energy11,42,43, in ORCHIDEE24. This implies that the grass-forest 198 

dichotomy for PyC MRT proposed here may only hold for temperate grasslands (Fig.1, Table 199 

S2, Text S6), with tropical grasslands producing not only the highest quantity and but also 200 

some of the most recalcitrant PyC. Note that MRT is a global average, aggregating the broad 201 

variation in spatial (lateral/vertical) residence time distributions globally, as per the literature.     202 

 203 

We also derive the ceiling value of the PyC mineralisation flux (𝐸,-)
% ) from the residual of 204 

other terms included in Eq. 2. Over 1901-2010, average global legacy carbon sinks through 205 

PyC production (𝑆𝑂𝐶,-)
' ; 281 (188-424) TgC yr-1) and lightweight PyC input (𝑃𝑦𝐶./

'  = 56 206 

(45-90) TgC yr-1) are partially countered by legacy sources from vegetative non-recovery 207 

(𝑉𝐶∆(1234 = 46 (27-53), Fig. S11), high frequency fire topsoil degradation (𝑆𝑂𝐶9:;6<<
%  = 57 208 

(30-95) TgC yr-1, Fig. S12), PyC aquatic export (𝑆𝑂𝐶,-)=>?
%  = 44(28-59) TgC yr-1, Fig. S13), 209 

and annualised tropical drought-induced fire mortality (𝑉𝐶5678
%  = 24 (21-28) TgC yr-1, Fig. 210 

S14).  Excluding 𝐸,-)
% , the legacy fluxes are imbalanced and indicate a partial terrestrial C sink 211 

of 177 TgC yr-1 (Fig. 3). We propose that the net partial balance of 177 TgC yr-1 provides an 212 

upper constraint on the annual mineralisation of PyC to the atmosphere (𝐸,-)
% ). This value falls 213 

in the middle of the (𝐸,-)
% ) range observation-based estimates in previous work4. Note that 214 

combustion of PyC in subsequent ‘reburn’ events44 are considered a component of 𝐸,-)
%  here. 215 
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 216 
Figure 3: Time averaged estimates for the source and sink terms in Eq. 2 (top), with the PyC mineralisation loss 217 
quantity unknown, but constrained by the net fire C balance. 𝑆𝑂𝐶!"#$%&

'  is dotted to highlight that it is a terrestrial 218 
export flux, not an atmospheric flux. Bottom panel shows aggregations of (h) fire C losses (sum of (càf)) and (i) 219 
the fire C balance net of PyC mineralisation, i.e. the sum of (aàb) and (càf). Maximum mineralisation (g) is thus 220 
equal to the residual, (i). 221 

Regional Distribution of Fire-induced C Sinks and Sources 222 

 223 

While absolute fire C gains and losses are highest in the tropics (Fig. 4a), the highest ratio of 224 

gains to losses (efficiency of the fire C sink) lies in the temperate north (30-60N), with a factor 225 

of ~3, and lowest (factor 1.6) in the tropical south (0-30S).  The positive partial balance is 226 

strongest in the south, consistent with the quantity of PyC production, with some negative 227 

balance areas occurring as a result of combined FRI decrease and topsoil loss (Figs. 4c, S4-228 

S7).  However, the partial balance over all vegetation types masks the fact that when 229 

considering grasslands and forests separately, the latter on aggregate exhibit strongly negative 230 

partial balance estimates, with the greatest negative factorials in the southern hemisphere at 0-231 

30 and 30-60S (factors of -3 and -8, respectively, Fig. 4b), providing powerful suggestive 232 

evidence that grasses and forest play contrasting functional roles with respect to fire in the 233 

terrestrial C balance.   234 

 235 

Overall, over the period of our simulation, our results indicate that when aggregated over space 236 

and vegetation types, fires may provide a long-term C sink made possible by the buffers of 237 

PyC production2 and biospheric uptake, provided that the fire regime remains in state that does 238 

not lead to ecosystem degradation from failed recovery (FRI≥BRI).  By way of simple back-239 

envelope calculation, our ceiling PyC mineralisation (177 TgCyr-1) sits well within the range 240 

of a prior PyC in situ (terrestrial and freshwater) MRT estimate of 3700 yrs7, 1st-order PyC 241 

stock estimates (14% global SOC)18 and bulk SOC mineralisation of ~70 PgCyr-1)45,46. PyC 242 

mineralisation of 177 TgC yr-1 is at least 55 times that non-PyC bulk SOC, which assuming 243 

global SOC MRT of ~50 yrs6 gives minimum PyC MRT of ~2760 yrs (SI Text S7).  This mean 244 

value, which is higher than many laboratory-based incubations studies47, may further validate 245 

findings showing broad PyC storage in terrestrial ‘holding areas’ for thousands of years7.  246 
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Figure 4: (a) Time-averaged (1901-2010) sources and sinks in the global fire C-cycle, summed per 30-degree 248 
latitudinal band, in TgC yr-1. Note that fire regime change and high frequency fire SOC loss terms are 249 
disaggregated between forest (solid) and grass (dashed), and that the colour legend for each term is equivalent 250 
to that in Figure 3. (b) Comparison of time-averaged grassland (left) and forest (right) fire C sources (red) and 251 
sinks (black) summed per 30° bin (as in (a)), in TgC yr-1.  (c) Global map of the time-averaged fire-C ‘balance’ (gC 252 
m-2 yr-1) for each pixel, with iso-lines included, where negative values indicate C-source, and positive a C-sink.  253 
The balance is calculated as the net sum of Eq. 2, excluding the PyC mineralisation term (𝐸012, ), which is unknown.   254 

Re-thinking the Role of Fire in the Carbon Cycle 255 

 256 
Our work indicates that net of legacy fluxes fires in may be a force for Earth System C equilibrium, 257 
provided that they ignite over biomes (e.g. grasslands) that carry evolutionary adaptations to cope 258 
with them. This is somewhat counterintuitive given the dramatic nature of wildfires and their 259 

large initial emissions, which feed a perception of destabilisation48.   Forest fire-induced C 260 

losses are compensated globally by the dynamics of grassland ignition, despite considerable 261 

post-fire grassland SOC losses (~52vs.5 TgC yr-1 for grass, forest respectively).  262 

 263 

We estimate that fire regime change-induced C loss (𝑉𝐶∆(1234) in grasslands is less than that 264 

associated with forests (~20 vs 26 TgC yr-1).  This result is afforded by grasses’ capacity for 265 

fire recovery49–53, providing large stocks of aboveground fuel (potential PyC), thereby 266 

mitigating losses and maximising soil PyC gains. Thus, PyC production is less correlated to 267 

flame intensity/temperature for grassland than forests (Fig. S15).  In the absence of grasslands, 268 

fire phenomena would impose a net terrestrial C source.  This aligns with the proposition that 269 

the co-evolution of grassland fire and herbivory led to the formation of PyC-rich Mollisols that 270 

may have been central to climatic cooling since the Mid-Cenozoic (~40-0Ma)35.  Conversely, 271 

the fire-as-destabilisation perspective is justified in biome-specific cases, generalisable to non-272 

grass (forest) fires (Fig. 4b).   273 

 274 

In forests, fire C losses can overwhelm PyC gains even without considering PyC 275 

mineralisation.  This is not surprising, particularly in the humid tropics, where tree species are 276 

ill-adapted to catastrophic disturbance54,55 and massive post-fire mortality is commonplace12–277 
14,54(Fig. S14). Similarly, subtropical and semi-arid regions may be more prone to fire events 278 

of higher intensity11, resulting in topsoil loss and an incapacity for biomass recovery, in 279 

addition to aquatic outflows of C (Fig 4a, S13).    280 

 281 

The dependency of the partial fire C balance on fire-affected vegetation composition has 282 

important implications for a world in which the frequency and intensity of droughts, heatwaves 283 

and wind extremes56–64, are forecast to increase65–70, potentially increasing all terms in Eq.2.  284 

The preservation and restoration of native grasslands may be seen as an important vector for 285 

increasing C stocks/decreasing C losses from future fire activity, and would apply to both 286 

temperate and tropical systems, given the efficiency of the former as a C-sink (Fig.4b) and the 287 

contribution of the latter to PyC production (Fig. S3) and bulk PyC MRT (Table S2).  Tropical 288 

grasslands have until recently been ignored in the landscape restoration narrative26,33,34,39,71 and 289 

are rarely discussed in ‘carbon farming’ initiatives72, although this is now changing73,74. Greater 290 

understanding of fire legacy C fluxes and the effects of human deforestation on these will 291 

enable clearer diagnosis of the state and future direction of the full global fire C balance and 292 

attendant land management decisions.  293 

 294 

 295 

 296 

 297 
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Methods 502 
 503 
Model description: 504 
 505 
Here we apply PyC production to the IPSL Earth System Model, ORCHIDEE-MICT revision number 5308, a 506 
widely used sub-branch of ORCHIDEE that is global in scope but includes some soil, hydrological and thermal 507 
processes specific to boreal regions 1–3 , whose use here will facilitate future assessments of PyC stocks in deep 508 
permafrost soils.  At the core of the model is terrestrial biomass fixed by photosynthetic C uptake, performed by 509 
13 plant functional types (PFTs) with distinct primary production, senescence and carbon dynamics4.  Biomass is 510 
allocated to foliage, fruit, roots, above/below -ground sap, heart wood and carbon reserves which are transfered 511 
to two reactivity-differentiated litter pools.  ORCHIDEE-MICT is integrated with a model-specific version (see 512 
(5,6))of the SPITFIRE fire module5,7,8, which takes the aboveground portion of these biomass components and 513 
allocates them to potential fire fuel classes differentiated by their potential time to combustion/oxidation.  514 
ORCHIDEE-SPITFIRE has been involved in multiple phases of FireMIP9 and its predictions found to be within 515 
the range of those from available fire models10–13. Fire ignitions are controlled by lightning strikes and human 516 
ignitions, the latter of which is determined as a positive logistic function of population density. Vegetation 517 
flammability is determined by fuel and climatic conditions (Nesterov Index and Fire Danger Index).  Burned area 518 
is controlled by fire spread rate and fire duration, as influenced by vegetation flammability, and affects fire CO2 519 
emissions.  520 
 521 
Modelled PyC Production: 522 
 523 
PyC is produced in ORCHIDEE-MICT as a function of fuel class-specific fire CO2 emissions using an adaptation 524 
of the apportioning between PyC production and fire CO2 emissions estimate by Jones et al. (2019)14, which posits  525 
central literature-based prediction of ratios [𝑆𝑂𝐶012: 𝐸234] of 0.261, 0.1 and 0.091 gPyC produced g-1 CO2-C 526 
emitted, for the three fuel classes of Coarse Woody Fuels (CWF), Fine Woody Fuels (FWF), and Non Woody 527 
Fuels (NWF), respectively.  Uncertainty in PyC production (Fig. 3) is based on the bootstrapped 95% confidence 528 
interval range in Jones et al. (2019), for PyC production ratios ([𝑆𝑂𝐶012: 𝐸234], gPyC-C g-1 CO2-C) for 529 
CWF(0.176-0.389), FWF(0.064-0.153) and NWF(0.074-0.114) and applying the fractional difference of each 530 
bound from the central bound to PyC produced in the post-processing analysis. We apportion these to the four 531 
SPITFIRE fuel classes such that (1hr fuelsàNWF), (10hr; 100hr fuels à FWF), (1000hr fuels à CWF), where 532 
the hour-term in SPITFIRE fuel classes refers to the order of magnitude of time required for the fuel to lose 63% 533 
of its moisture under idealized atmospheric conditions8, determined effectively by the stem thickness of each 534 
biomass component of each PFT based on the ‘average individual’ of each woody PFT. 535 
 536 
C mass balance is maintained by removing PyC produced from other C pools.  PyC produced is first subtracted 537 
from the fraction of biomass going to litter pools in that SPITFIRE timestep (1 day).  If PyC produced > biomass 538 
going to litter in that timestep, then the remaining quantity is taken from CO2 emissions, whose reduction 539 
recursively reduces total PyC production.  PyC is then introduced to the biosphere-pedosphere interface by its 540 
allocation to PyC-specific SOC reactivity pools, complementing the traditional CENTURY 3-pool model15, with 541 
a ‘Slow PyC’ pool composed of (PyC10hr + PyC100hr), and a ‘Passive PyC’ pool (PyC1000hr), where the subscript 542 
refers to the source fuel class of PyC. In the present configuration, PyC1hr does not enter into either of the SOC 543 
pools and once produced, is instead added to the pool of dead biomass that becomes litter, which is then subject 544 
to normal model SOC dynamics  (SI Text S2).   545 
 546 
Once produced, the PyC SOC pools are immediately redistributed equally amongst the top 2.1cm of the model’s 547 
vertically discretized soil layers to represent the initial translocation of PyC in the first year of production, 548 
following field observations from ref. (16). PyC pools are not exchanged with one another or with the other SOC 549 
pools, and are subjected to vertical bio- and cryo- turbation processes in the soil, and temperature and moisture -550 
dependent mineralization Mineralisation rates are equivalent to bulk MRTs of ~300 and ~3000yrs for Slow and 551 
Passive PyC, respectively.   552 
 553 
Simulation Configuration: 554 
 555 
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The simulations used for this study were forced with imposed historical 13-PFT vegetation (ESA-LUH2 v1.2), 556 
CRU-NCEP v817 climatology and atmospheric CO2 concentrations at 0.5° resolution with SPITFIRE activated 557 
and hydrological river routing deactivated.  Deforestation fires were deactivated and agricultural fires in the output 558 
ignored to simplify analysis. A 50 year ‘spinup’ run on a loop of the years 1901-1920 for the above input forcing 559 
datasets was first performed to bring the biosphere and fire cycle to a quasi-steady state under the closest pre-20th 560 
Century climatology we can approximate with our climate data. The same model was then run continuously over 561 
years 1901-2010. Fire C loss terms were estimated from derived variables in the simulation output.  562 
 563 
Estimating PFT-specific Fire Return Interval (FRI): 564 
 565 
PFT-specific FRI is defined as the interval between consecutive fires affecting a consistent area, which is not a 566 
standard output of ORCHIDEE and so was determined probabilistically. To do so, first we find the annual 567 
fractional fire contribution of each PFT (𝑓𝐹𝑖𝑟𝑒0&5) to total CO2 emissions:  568 
 569 

𝒇𝑭𝒊𝒓𝒆𝑷𝑭𝑻 = 	𝑬𝑭𝒊𝒓𝒆𝑷𝑭𝑻	/	𝚺(𝑬𝑭𝒊𝒓𝒆𝑷𝑭𝑻	)			     (3) 570 
 571 
From this the probabilistic fire incidence per PFT, pixel and year can be estimated: 572 
 573 

𝒑(𝑭𝒊𝒓𝒆)𝑷𝑭𝑻 = 	𝒇𝑷𝑭𝑻𝑷𝒊𝒙 ∗ 𝒇𝑭𝒊𝒓𝒆𝑷𝑭𝑻 ∗ 𝑩𝑨𝑷𝒊𝒙	     (4) 574 
 575 
Where 𝑝(𝐹𝑖𝑟𝑒)0&5 is the annual probabilistic fire incidence per PFT and pixel, and 𝑓𝑃𝐹𝑇0'; the fraction of each 576 
PFT occupied by vegetation from a given PFT (𝒇𝑷𝑭𝑻𝑷𝒊𝒙).  Global probabilistic FRI (yrs) for each pixel and PFT 577 
(𝐹𝑅𝐼0&5) over a given unspecifiable surface area (e.g. one hectare) can then be calculated by dividing	𝑝(𝐹𝑖𝑟𝑒)0&5 578 
by PFT-specific vegetated area, giving the probability that a given hectare occupied by a given PFT in that pixel 579 
is the one that burned that year. This is summed over the simulation years then divided over the simulation length 580 
(110yrs).  1/ this value gives the FRI: 581 
 582 

𝑭𝑹𝑰𝑷𝑭𝑻 = 	𝟏/((∑ (𝟏𝟏𝟎
𝒕?𝟏 	𝒑(𝑭𝒊𝒓𝒆)𝑷𝑭𝑻/(𝒇𝑷𝑭𝑻𝑷𝒊𝒙 ∗ 𝑨𝒓𝒆𝒂𝑷𝒊𝒙)))/𝟏𝟏𝟎)  (5) 583 

 584 
The resulting gridded PFT specific map is then adapted to remove pixels where FRI > 1000 yrs, since this would 585 
largely result from insufficient sample size in time to adequately estimate the probabilistic FRI for these 586 
pixels/PFTs and adversely affect FRI-averaging calculations. 587 
 588 
Estimating PFT-specific Biomass Recovery Interval (BRI): 589 
 590 
Biomass carbon recovery times (the time for which a given surface area recovers all of the biomass lost due to a 591 
disturbance event) are difficult to quantify, and to our knowledge and no global gridded product estimating 592 
disturbance and PFT-specific biomass recovery times exists.  We opted for a crude literature-based central value 593 
method to approximate PFT-specific BRI, modulated in space and time by the NPP of a pixel-specific PFT relative 594 
to the global median NPP of that PFT.  We treated (a) C3 and C4 grasses, (b) all extra-tropical forest types, and 595 
(c) tropical forests, as separate categories. For (a) and (b), we assumed that for a given pixel and year, C losses 596 
from fire can be recovered by the completion of that time interval which itself varies by ±𝛽 as a function of the 597 
NPP experienced by that pixel relative to the global median NPP for that PFT: 598 
 599 

𝑩𝑹𝑰𝑷𝒊𝒙
𝑷𝑭𝑻 = 𝑩𝑹𝑰𝑷𝑭𝑻 ± (𝑩𝑹𝑰𝑷𝑭𝑻 ∗ (𝜷 ∗ 𝑵𝑷𝑷𝑷𝒊𝒙

𝑷𝑭𝑻/𝑵𝑷𝑷𝒎𝑮𝒍𝒐𝒃𝒂𝒍
𝑷𝑭𝑻XXXXXXXXXXXXXXXX	))  (6) 600 

 601 
Where 𝐵𝑅𝐼0';

0&5 is BRI per PFT, pixel and year, 𝐵𝑅𝐼0&5 is the central, global value of BRI, 𝛽 is the fractional 602 
maximum variation of 𝐵𝑅𝐼0';

0&5 from the central value, 𝑁𝑃𝑃0';
0&5 the annual NPP of that PFT in a specific pixel and 603 

𝑁𝑃𝑃𝑚EFGHIF
0&5XXXXXXXXXXXXXXXX is the time averaged global median NPP of that PFT. For C3 and C4 grasses, we set 𝐵𝑅𝐼0&5 at 2.5 604 

and 1.5 years respectively, and 𝛽 at ±25%, based on literature-based estimates and the assumption that tropical 605 
grasses have high NPP and recovery rates. For forests we set central 𝐵𝑅𝐼0&5 for all non-tropical forest PFTs to 606 
the value reported in a literature review -based study (fig. 4d of ref. 18) of 133 years, which we then allow to vary 607 
(𝛽) by ±50% as a function of NPP relative to 𝑁𝑃𝑃𝑚EFGHIF

0&5XXXXXXXXXXXXXXXX  for each PFT. See the supplementary material for 608 
further discussion of parameter choices. 609 
 610 
Estimating loss terms in Equation 2 611 
 612 
Loss of biospheric C due to fire regime change (𝑽𝑪∆𝑭𝒊𝑹𝒆𝒈) 613 
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 614 
This loss term is calculated for each PFT and includes net C losses from areas where the biospheric disturbance 615 
steady state condition is not satisfied (BRI<FRI) as a result of a change in fire regime. We treat areas that 616 
experienced decreases in FRI of >10% between the first and last three decades of the simulation (Fig. S7), as 617 
having exhibited a fire regime shift.  Then, we estimate the system biomass loss per fire event for these areas as 618 
the BRI:FRI ratio in the year of the event multiplied by the total CO2 emissions from a given PFT in that year’s 619 
fires: 620 

𝑽𝑪∆𝑭𝒊𝑹𝒆𝒈 = (𝑩𝑹𝑰𝑷𝑭𝑻 𝑭𝑹𝑰𝑷𝑭𝑻^ ) ∗ 𝑬𝑭𝑪𝑶𝟐     (7) 621 

 622 
El Niño drought-induced tropical post-fire mortality  (𝑽𝑪𝑴𝒐𝒓𝒕, ) 623 
 624 
𝐶QGRS is estimated for El Niño years only given that current data on drought induced post-fire mortality extends 625 
from these years. For this estimate we do not consider belowground mortality losses since these are not estimated 626 
in the literature for this type of disturbance event.  To get the per-PFT total aboveground fraction of biomass 627 
allocation, we extract annual gridded biomass allocation terms and sum them over the total biomass allocated to 628 
all vegetation C pools for each PFT (𝑓𝑉𝐶TE0&5).  The approximate total above and below -ground vegetative 629 
biomass C of tropical PFTs for each gridcell and year is obtained by weighting total vegetation C per pixel (a non-630 
PFT specific variable) by the fractional vegetation coverage of that pixel by that PFT (𝑓𝑃𝐹𝑇0';) and the relative 631 
NPP of that pixel versus that of the pixel mean NPP.  Multiplying this by (𝑓𝑉𝐶TE0&5) gives an estimate of the total 632 
aboveground annual biomass of the two tropical PFTs per pixel: 633 
 634 

𝑽𝑪𝑨𝑮
𝑷𝑭𝑻 =	 [𝑽𝑪𝑻𝒐𝒕𝒂𝒍

𝑷𝑭𝑻 ∗ 	𝒇𝑷𝑭𝑻𝑷𝒊𝒙 ∗ (𝑵𝑷𝑷𝑷𝒊𝒙
𝑷𝑭𝑻/𝑵𝑷𝑷𝑷V𝒙XXXXXXXXXX	)] 	∗ 	𝒇𝑽𝑪𝑨𝑮

𝑷𝑭𝑻  (8) 635 
 636 
Annual aboveground biomass maps are then filtered to mask out pixels where fire is absent in a given year, and 637 
filtered again to exclude non-El Niño years. El Niño years are defined here as those in which the El Niño Ocean 638 
Index >1.5 (‘moderate’ to ‘high’ intensity El Niño events). Where index values cross 1.5 for 2 consecutive years 639 
(double peak) we select both years. The resulting gridded 𝑉𝐶TE0&5 dataset is then used to estimate the proportion 640 
of tropical vegetation affected by fire in an El Niño year by multiplying the probability that a fire in a given pixel 641 
comes from a given PFT by the burned fraction of that PFT:  642 
 643 

𝑭𝒊𝒓𝒆𝑽𝑪𝑨𝑮
𝑷𝑭𝑻 = 𝑽𝑪𝑨𝑮

𝑷𝑭𝑻 ∗ 𝒑(𝑭𝒊𝒓𝒆)𝑷𝑭𝑻 ∗ 𝒇𝑩𝒖𝒓𝒏𝑷𝒊𝒙    (9) 644 
  645 
To capture only those areas that may have experienced drought and hence drought induced fire mortality, we 646 
assume that drought occurs in a pixel if annual precipitation for that pixel is at or below the 25th percentile of 647 
precipitation for that pixel over the entire simulation period and mask out pixels in the dataset 𝐹𝑖𝑟𝑒𝑉𝐶TE0&5 which 648 
do not satisfy this condition.  We then assume that total post-fire mortality loss is approximated from the mean 649 
literature value of -24.8% (±6.9%)19 and define this fraction as the total C-loss.  However, since this biomass loss 650 
should be recoverable by the biosphere if BRI<FRI, only those pixels in which BRI>FRI are considered time-651 
integrated losses, and only by the fraction given by the ratio of the two.  Thus: 652 
 653 

𝒘𝒉𝒆𝒓𝒆	𝑩𝑹𝑰 > 𝑭𝑹𝑰:		𝑽𝑪𝑴𝒐𝒓𝒕, =	 (𝑭𝒊𝒓𝒆𝑽𝑪𝑨𝑮
𝑷𝑭𝑻 ∗ 𝟎. 𝟐𝟒𝟖) ∗ (𝑩𝑹𝑰𝑷𝑭𝑻 𝑭𝑹𝑰𝑷𝑭𝑻^ ) (10) 654 

 655 
This loss is then summed over time and annualized (divided by simulation length (yrs) to derive an annual-656 
equivalent loss of biomass C from non-recoverable tropical forest mortality.   657 
 658 
Soil carbon loss in areas with high frequency fire (𝑺𝑶𝑪𝒉𝒇𝒍𝒐𝒔𝒔

, ) 659 
 660 
These losses are based on a recent empirical study20 which found that large topsoil SOC losses are apparent across 661 
multiple sites globally in areas with high fire frequency’, defined therein as anywhere with roughly 4.3 times the 662 
mean fire frequency for a given vegetation type, with losses of 27% and 21% accruing in areas of broadleaf and 663 
grassland vegetation.  Here, and for each PFT defined as broadleaf forest and grassland, we approximate this loss 664 
spatially first by isolating those pixels which have an FRI ≥4.3x that of the global average of that PFT (the 665 
threshold identified in ref. 20). To account for the fact that the model simulation is transient and hence in the early 666 
years of simulation the topsoil carbon stocks will be unrealistically low, we only analyse  𝑆𝑂𝐶Z[FG\\

, 	for the last 667 
30 years of simulation (1981-2010). The loss over the top 19cm of the soil column, based on the literature-derived 668 
soil loss parameters (27% ± 18% for broadleaf, 21% ± 12% for grassland)20, is estimated for the relevant pixels 669 
during 1981-2010.  Although SOC losses are not fully saturating in the Pellegrini et al. study, they are close 670 
enough that we assume that they represent total SOC losses due to high frequency fires. Our estimate is limited 671 
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because the loss term is predicated on the last 30 years of simulation, whereas FRI is based on the temporal range 672 
of the simulation (110yrs; see above).  Thus, once annualised, the 𝑆𝑂𝐶Z[FG\\

,  estimate is constant over the whole 673 
simulation.   674 
 675 
PyC export losses within the inland water network (𝑺𝑶𝑪𝑷𝒚𝑪𝑬𝒙𝒑

, ) 676 
 677 
A recent study has provided the first credible estimate to show that ~18 Tg of PyC in dissolved phase (Py-DOC) 678 
flushes out of the global terrestrial landmass into the inland aquatic network annually21, while estimates of similar 679 
particulate PyC (Py-POC) aquatic export are thought to total ~25 TgC yr-1 22.  Here, we use ORCHIDEE-MICT 680 
to construct the first gridded, PFT-specific and spatio-temporally dynamic estimate of outflux.   Jones et al. (2020) 681 
estimated that boreal, tropical (<30° N/S) and temperate regions  export 3.8 (± 0.6), 12.4 (± 4.9) and 1.8 (± 0.8) 682 
Tg Py-DOC yr-1, respectively, providing observational constraints on the total export of  Py-DOC for latitude bins  683 
(∑𝐷𝑂𝐶`'$). 684 
 685 
To integrate ∑𝐷𝑂𝐶`'$ with model output we estimate the contribution of each PFT to global PyC slow and PyC 686 
passive pool distributions and in doing so estimate the relative proportion of total DOC outflow originating from 687 
fires from each of these vegetation sources (∑𝐷𝑂𝐶0&50GGF).  The relative global distribution of PyC produced are 688 
extracted from simulated global PyC soil pools in 1920, to approach historical distributions of PyC production.  689 
The fraction of total PyC per PFT and per PySOC pool (𝑓(𝑃𝑦𝐶0&50GGF)) is calculated globally. The PFTs in 690 
𝑓(𝑃𝑦𝐶0&50GGF) are then split into boreal, temperate and tropical categories, and their fractional contribution to PyC 691 
of each bin to PyCSlow/PyCPassive is calculated (𝑓(𝑃𝑦𝐶0&5)`'$

0GGF).  C3 grasses incorporate temperate grasslands and 692 
tundra, so are split between by [temperate:boreal] surface area at 30-50° (~66%) and 50-90° N/S (~34%).  Total 693 
mean absolute DOC flux (TgC yr-1) per pool and PFT (∑𝑫𝑶𝑪𝑷𝑭𝑻

𝑷𝒐𝒐𝒍)is given by the following equation (Table S1): 694 
 695 

∑𝑫𝑶𝑪𝑷𝑭𝑻
𝑷𝒐𝒐𝒍 = 𝒇m𝑷𝒚𝑪𝑷𝑭𝑻

𝑷𝒐𝒐𝒍o ∗ 𝒇(𝑷𝒚𝑪𝑷𝑭𝑻)𝑩𝒊𝒏
𝑷𝒐𝒐𝒍 ∗ ∑𝑫𝑶𝑪𝑩𝒊𝒏   (11) 696 

 697 
We assume that Py-POC export occurs proportionally to Py-DOC export based on their literature-reported global 698 
export rates, such that total Py-POC+DOC export occurs at a rate 2.39 ( = (18+25)/25) times that of Py-DOC. The 699 
total Py-SOC that is hydrologically mobilized from each soil pool (𝐻𝑦𝑑. 𝑃𝑦𝐶0&50GGF) is thus given by: 700 
 701 

∑𝑯𝒚𝒅.𝑷𝒚𝑪𝑷𝑭𝑻
𝑷𝒐𝒐𝒍 = ∑𝑫𝑶𝑪𝑷𝑭𝑻

𝑷𝒐𝒐𝒍 ∗ 𝟐. 𝟑𝟖𝟖    (12) 702 
 703 
The global export quantities are then distributed spatially over the globe in proportion to soil PyC stocks. by a 704 
weighting based on the per-pixel fraction of the summed per-pool vertical PyC profile that is constituted by that 705 
pixel (𝑂𝑈𝑇0&5,0';)F

0GGF ): 706 
 707 

𝑶𝑼𝑻𝑷𝑭𝑻,𝑷𝒊𝒙𝒆𝒍
𝑷𝒐𝒐𝒍 = ∑𝑫𝑶𝑪𝑷𝑭𝑻

𝑷𝒐𝒐𝒍 /(
∑ 𝑷𝒚𝑪

𝑷𝒊𝒙
𝑷𝒐𝒐𝒍𝟎𝒎

𝟑𝒎

∑ 𝑷𝒚𝑪
𝑮𝒍𝒐𝒃𝒆
𝑷𝒐𝒐𝒍𝟎𝒎

𝟑𝒎

)    (13) 708 

 709 
This generates gridded estimates for mean annual PFT-specific DOC+POC export that are constrained by the 710 
global latitude-specific estimates reported in ref.(21). Interannual variability is implemented by allowing export to 711 
vary for each pixel by up 25% of the central value for each pixel in a manner that scales with deviation of annual 712 
precipitation from the median of the simulation period. Uncertainty is calculated by adjusting the DOC outflow 713 
values (∑𝐷𝑂𝐶`'$) within the uncertainty ranges reported in (21). 714 
 715 
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Figures

Figure 1

Schematic representation of the interrelation between plot or biome -scale. (see full caption in Manuscript
�le)

Figure 2



Simulated PyC production and change over 1901-2010. (a) Map 130 of global PyC production averaged
over the entire simulation period (log gC m-2yr-1). (b) Simulation-averaged annual absolute PyC
production summed per 0.5° latitude bin (TgC yr-1) in 1901-10 (orange) and 2001-10 (green), with the
difference (latter-former) shown in yellow. Note: The designations employed and the presentation of the
material on this map do not imply the expression of any opinion whatsoever on the part of Research
Square concerning the legal status of any country, territory, city or area or of its authorities, or concerning
the delimitation of its frontiers or boundaries. This map has been provided by the authors.

Figure 3

Time averaged estimates for the source and sink terms in Eq. 2 .(see full caption in Manuscript �le)



Figure 4

Global �re C-248 cycle. (see full caption in Manuscript �le) Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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