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1 Abstract

Fire is a key Earth system process influencing vegetation distribution and the land carbon cycle, yet its representation within

dynamic global vegetation (DGVM) models is generally poor, adding to the high level of inter-model uncertainty around

simulated burned area (BA), fire emissions, and hence land carbon sink estimates. Here, we address this uncertainty by applying

a satellite-based long-term reconstruction of burned area from 1901 to 2020 to five DGVM models, in order to assess the5

impacts of diagnostic BA on global carbon cycle estimates.

By diagnosing BA, we reduced the inter-model standard deviation in global fire emissions by 59% compared to the prog-

nostic BA simulations, and significantly increased estimate agreement with observations spatially and regionally. We also

moderately improved net land carbon sink estimates, reducing bias by 0.3 PgC year−1 against top-down constraints on average

over 2001–2020, however the inter-model spread persisted. Additionally, regional simulated fire combustion rate (fire carbon10

emissions per unit BA) magnitudes and trends did not align with observations under diagnostic BA, influencing simulated

land sink trends. This indicates poor representation of fire dynamics, specifically around the representation of fuel loads and

combustion completeness, fire-induced mortality, fire intensity, and vegetation recovery processes.

We also explore land sink uncertainty associated with various diagnostic BA reconstructions using the JULES DGVM. By

performing two JULES simulations using two reconstructed BA datasets derived from distinct satellite products (FireCCI5.115

and GFED5), we found a substantial difference in the land carbon sink (0.8 PgC year−1) between the two simulations over

2001–2020. This shows that the underlying uncertainty in BA mapping and reconstructed BA trends can add a large source of

uncertainty to modern day land sink estimates. Using a counterfactual simulation, we show that this uncertainty likely stems

from differences in reconstructed pre-satellite era burned area dynamics leaving legacy impacts on both fire emission and

ecosystem productivity estimates.20

Our results show that although diagnostic burned area can greatly improve fire emission realism and constrain DGVMs,

an enhanced representation of post-fire ecosystem impacts, fire intensity and fuel loads is needed in order to capture regional

impacts of fire on the carbon cycle.

2 Introduction

Fire disturbance plays a crucial role within the Earth system, impacting vegetation composition and biomass, soil processes,25

atmospheric composition and climate (Bond et al., 2005; Bowman et al., 2009). Carbon emissions from fires are estimated to be

between 2 and 4 PgC year−1 globally (equivalent to ≈ 20–40% of carbon emissions from fossil fuels in 2025, Friedlingstein

et al., 2025a). However, much of this carbon flux from the land to the atmosphere is counteracted by post-fire regrowth,

especially in grassland ecosystems where biomass lost through fire is generally fully recovered on short timescales (1–3 years,

Parker et al., 2022; Gomes et al., 2020). In forest ecosystems, especially those that are not well adapted to fire (e.g. moist30

tropical forests such as those found in Amazonia), the level of fire-induced tree mortality may be high (Balch et al., 2011)

and biomass may never be fully reaccumulated in many instances (Sato et al., 2016), leading to multi-decadal reductions to

the global land sink (Silva et al., 2018, 2020). Additionally, in forest ecosystems prone to intense, severe fires (e.g. coniferous
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boreal forests), fire-induced tree mortality and fire carbon emissions are also high (Webb et al., 2024) and forest recovery rates

are slow (Palviainen et al., 2020), influencing the land carbon balance in these ecosystems (Xu et al., 2024).35

Over time, humans have directly (e.g. cultivation and land-management practices) and indirectly (e.g. climate change)

changed fire regimes globally, leading to changes in the global carbon cycle (Archibald et al., 2018). For example, over 1998–

2015, burned area decreased globally by ≈ 25%, driven by agricultural expansion in savanna ecosystems (Andela et al., 2017).

Further analyses support an increase in fire occurrence and intensity due to climate change in forest ecosystems (Zheng et al.,

2021; Fan et al., 2022), especially in the extratropics (Jones et al., 2024), which has weakened the land carbon sink (Burton40

et al., 2024; Fan et al., 2022). This has led to near constant fire carbon emissions across the same period, despite the decline

in burned area. Therefore, fire disturbances and fire regime changes play a fundamental role in controlling the size of the land

carbon sink.

In carbon budgets like the Global Carbon Budget (GCB, Friedlingstein et al., 2025a), natural land sink estimates are obtained

from dynamic global vegetation models (DGVMs), many of which are fire-enabled through the use of prognostic fire modules.45

These modules predict global burned areas based on ignition sources, climatic variables (e.g. temperature and precipitation),

anthropogenic factors (e.g. GDP, land-use and population density) and simulated fuel loads. Fire emissions are then calculated

based on BA, fuel loads, combustion completeness and emission factors, and post-fire impacts such as fire-induced mortality

are applied. Since fire has such a strong influence on the land carbon sink, realistic fire representation within these models

is vital to producing realistic land sink estimates. However, DGVM prognostic fire modules are generally poorly constrained50

leading to large variability in the burned area and fire emission estimates they produce both spatially and temporally, illustrated

in FireMIP analyses (Hantson et al., 2020). In GCB, the DGVMs are also under-constrained and estimate global burned area

between 0.6 Mkm2 year−1 and 18.5 Mkm2 year−1 in GCB 2024 (Friedlingstein et al., 2025b). Additionally, the majority of

these prognostic fire models fail to reproduce the magnitude and direction of the observed negative trend in burned area across

the beginning of the 21st century (Andela et al., 2017), and their ability to capture mega-fires associated with extreme weather55

conditions (which are increasing in frequency and can impact regional carbon balances, Cunningham et al., 2024; Walker et al.,

2018) is limited. This disparity between fire representation across DGVMs adds to the uncertainty around land sink estimates,

with land processes carrying the highest level of uncertainty in carbon budgets (Jones and Friedlingstein, 2020). On the other

hand, satellite burned area products (several of which now exist) generally agree on burned area trends, seasonality, interannual

variability and spatial patterns. Also, although some disparity is present around the magnitude of global total burned area,60

the range is far lower than that across DGVMs (ranging between ≈ 4 Mkm2 year−1 and ≈ 8 Mkm2 year−1 across products

over 2001–2020). Therefore, diagnosing burned area from satellite products within DGVMs could greatly enhance DGVM fire

realism and substantially increase burned area constraint across models, in turn reducing the uncertainty around fire carbon

cycle impacts in these models.

However, most satellite burned area products only cover a short temporal range (with the majority covering from the late65

1990s to the early 2020s), whereas the land carbon cycle has characteristic timescales from seconds (e.g. photosynthesis)

through to decades and century (e.g. vegetation recovery and soil carbon dynamics). Thus, most DGVMs require to be spun-up

to a pre-industrial state where equilibrium is reached prior to a transient simulation being performed, to quantify the human
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impact on the carbon cycle. Therefore, in order to diagnose burned area in DGVMs, a burned area dataset spanning far into

the past is needed. One workaround for this is to use a DGVM’s prognostic fire model up to the starting point of a given70

satellite burned area dataset, and then switch to diagnostic burned area (diagnosed with this satellite product) (Poulter et al.,

2015). The recent work of Ermitão et al., 2026 applied this method to a set of DGVMs, and found notable improvements

to fire emission estimates compared to benchmarking datasets. However, the short nature of satellite burned area implies a

switch from prognostic to diagnostic burned area in the 2000s that is far from ideal, since sudden changes to burned area

(especially spatially) are likely to induce temporary trends in carbon cycle estimates. On the other hand, recent efforts have led75

to the creation of two satellite based reconstructed burned area datasets, detailed in Guo et al., 2025. These reconstructions,

created using a machine learning (ML) algorithm trained on two satellite burned area products (FireCCI5.1, Chuvieco et al.,

2019 and GFED5, Chen et al., 2023), provide global monthly burned areas between 1901 and 2020. Hence, applying these

reconstructions as diagnostic burned area in DGVM simulations could allow for far more realistic long-term burned area

representation across DGVMs while retaining or improving estimates of the modern day natural land sink.80

In this study, we diagnose burned area from the satellite based burned area reconstructions from Guo et al., 2025 to DGVM

models to assess the impacts of using long-term diagnostic burned area on carbon cycle estimates compared to prognostic

burned area simulations. The FireCCI5.1 based reconstruction was applied to five DGVMs to assess how diagnostic BA impacts

multi-model carbon cycle and natural land sink estimates, like those used in global carbon budgets. Specifically, we analyse

how both fire emission and land sink estimates differ between simulations and how these compare to benchmarking datasets.85

Additionally, we applied two distinct reconstructions to a single DGVM, the JULES DGVM (Best et al., 2011; Clark et al.,

2011; Burton et al., 2019), in order to assess the level of uncertainty around how differences between reconstructions may

impact carbon cycle estimates.

3 Materials and methods

3.1 Burned area products90

For diagnostic burned area data in our simulations, the two aforementioned ML based burned area reconstructions were used

(Guo et al., 2025), constructed based on the satellite burned area products FireCCI5.1 (Chuvieco et al., 2019) and GFED5

(Chen et al., 2023). To create these reconstructions, a ML model was trained on burned area data between 2003 and 2020,

and then data on 16 explanatory variables (consisting of observations, other reconstructed datasets and model outputs) were

used to extend burned area estimates into the past. The long-term trends and absolute burned area values differ noticeably95

between these two reconstructions (global burned area is on average 2 Mkm2 higher across the entire GFED5 reconstruction

than the FireCCI5.1 reconstruction, Fig. 1). This discrepancy is to be expected since GFED5 uses medium-resolution (tens

of metres) burned area products to better constrain omission and commission error estimates, particularly the omission of

small fires missed by coarse-resolution (hundreds of metres) satellite sensors (Randerson et al., 2012; Chen et al., 2023). As a

result, global burned area estimates are notably higher in GFED5 compared to its counterparts, but these estimates may be more100

reliable due to the increased agreement with medium-resolution products which exhibit fewer omission and commission errors.

4

https://doi.org/10.5194/egusphere-2026-3584
Preprint. Discussion started: 30 June 2026
c© Author(s) 2026. CC BY 4.0 License.



In terms of long-term burned area dynamics, the FireCCI5.1 reconstruction global total burned area decreases from 1901 to

1978, then increases up to 2008, followed by a decrease between 2008 and 2020 (based on breakpoint analysis). In contrast, the

GFED5 reconstruction does not exhibit a negative trend initially (due to no negative trend in Southern Hemisphere Africa), but

contains a positive trend from 1979 to 2003, after which burned area decreases. Despite these differences in long-term trends,105

the interannual variability between the two reconstructed BA datasets is moderately correlated globally (R2 = 0.58 over the

reconstructed period: 1901–2002), suggesting broad agreement on the timing of historical extreme fire years.

Figure 1. Global total burned area time series for the two reconstructed burned area datasets used in the diagnostic BA JULES simulations

(described in Section 3.1, Guo et al., 2025), with global total prognostic burned area from the JULES-INFERNO fire model also shown. The

dashed black line indicates the start point of the training data used by the ML model (2003), and the GFED4.1s “natural” burned area data

(with land-use associated fires removed) over 2001–2016 is shown in black.

3.2 Model simulations

Model simulations listed in Table 1 were used to assess the impacts of diagnostic burned area on DGVM carbon cycle esti-

mates. Specifically, comparisons between PS and DSCCI were used to assess the impact of diagnostic burned area compared110

to prognostic on modern day carbon cycle estimates across several DGVMs (shown in Table 2), whilst comparisons between

DSCCI and DSGFED were used to assess the level of uncertainty differing burned area reconstructions have on modern day

carbon cycle estimates (in the JULES model). Also, we performed an additional counterfactual JULES simulation based on

the DSCCI simulation (DSCCI CF) to isolate the impact of BA dynamics on JULES carbon cycle estimates. Specifically, in this

counterfactual simulation the mean monthly burned area from 1969–1978 was repeated for each year from 1979 to 2008, to115
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assess how the rise in global burned area between 1979 and 2008 present in the FireCCI5.1 reconstruction affected the JULES

DSCCI land sink estimate. More broadly, this counterfactual is used to assess the influence of BA dynamics on fire emission

and ecosystem productivity estimates over time.

Simulation BA Type BA Source Models Involved

PS Prognostic DGVM fire model All participating DGVMs

DSCCI Diagnostic FireCCI5.1 reconstruction All participating DGVMs

DSGFED Diagnostic GFED5 reconstruction JULES only

DSCCI CF Diagnostic FireCCI5.1 reconstruction (average JULES only

of 1969–1978 repeated post 1978)
Table 1. Table describing model simulations used to compare prognostic and diagnostic fire in land surface model simulations. The DSGFED

and DSCCI CF simulations were only carried out by the JULES DGVM to assess uncertainties around land sink estimates under differing

diagnostic BA data (see Section 4.2).

These simulations are either directly from or are adaptations of those found in the TRENDY protocol for the Global Carbon

Budget 2024 (Sitch et al., 2024). In all simulations, both atmospheric CO2 concentration and climate are forced, meaning120

the effects of climate change and carbon fertilisation are accounted for. Additionally, land-use was fixed at pre-industrial

levels (the year 1700 from LUH2, Hurtt et al., 2011) and the CRU-JRA2.5 climatological forcing data was used (Harris et al.,

2020; Kobayashi et al., 2015), which covers 1901–2024. Model spin-up also followed the TRENDY project protocol, with

atmospheric CO2 and land-use fixed at pre-industrial levels, and with climate data from the years 1901–1920 either recycled

or randomly sampled until model pools reached equilibrium. During the spin-up of the diagnostic burned area simulations, the125

1901–1920 reconstructed BA was recycled in four of the five participating models, and randomly sampled in the OCN model.

In the diagnostic BA simulations, burned area was supplied to all DGVMs in a similar manner, with a constant proportion of

burned area being supplied to each PFT in each grid-cell. Although, the JULES model split burned area across all PFTs, whilst

the other four models only supplied burned area to natural PFTs.

The PS simulation is identical to the TRENDY “S2” simulation, used in the GCB as an estimate of the natural land sink (the130

net uptake of carbon by the land, excluding any land-use change emissions). Since fire is used as tool for land-use change in

many instances and many fires are associated with modern day land-use and land management (Aragão et al., 2018), diagnostic

burned area needs careful inclusion in DGVMs in order for the DSCCI and DSGFED simulations to be equivalent to PS (i.e.

with all land-use change emissions excluded). For this reason, the ML model used for the reconstructions was trained on

BA products with land-use associated fires removed. Specifically, BA in cropland and cropland mosaic land cover in ESA135

CCI Land Cover (ESA, 2017) was removed from FireCCI5.1 prior to training, whilst BA from peat fires, agriculture fires,

and tropical deforestation and degradation fires was removed from GFED5. This means the reconstructions are corrected for

land-use associated fires in theory.
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In the prognostic BA simulation, BA was calculated by each of the participating DGVM’s prognostic fire module. These

modules, along with information on how fire carbon cycle impacts are calculated in each model (e.g. fire emissions, fire-induced140

mortality) are described in Table 2.

3.3 Benchmark datasets and analysis metrics

To analyse the impact of diagnostic burned area versus prognostic on DGVM carbon cycle estimates, the following benchmark

datasets were used. Firstly, to assess fire emission estimate accuracy, the GFED4.1s (van der Werf et al., 2017) and GFED5

(Werf et al., 2025) fire emission products were used. Both GFED4.1s and GFED5 use a bottom-up approach to estimate fire145

emissions. Specifically, satellite burned areas from MODIS (Giglio et al., 2016) are modified to account for commission and

omission errors (mainly the omission of small fires). Then, a carbon cycle model (CASA, Potter et al., 1993) is used to estimate

fuel loads, which are combined with field measurement constrained fuel consumption maps to estimate fire emissions. This

approach means fire emission estimates are constrained based on both burned area and fuel consumption observations, leading

to close alignment with atmospheric observations (Werf et al., 2025). Therefore, these products were deemed suitable to use150

as benchmarks in this study. In the newer GFED5 product, enhancements are made, with the main difference being the use

of medium-resolution burned area products to better constrain omission and commission error estimates. This leads to a 61%

higher global burned area and 65% higher global fire emissions in the GFED5 product compared to GFED4.1s (Werf et al.,

2025). However, most other widely used global burned area products (including the FireCCI5.1 product used in the Multi-

Model diagnostic BA simulations) estimate a similar global burned area to the GFED4.1s product (Fig. 1), meaning we use155

GFED4.1s and GFED5 as emission benchmarks in this study since burned area and fire emissions are highly correlated.

We derived the “natural” fire emissions from these products by removing all land-use associated fire emissions (emissions

from peat fires, tropical deforestation and degradation fires and agricultural fires removed, aligning with the burned area re-

constructions). Emission partitions across land cover classes were only available for the years 2001–2016 in GFED4.1s, and

2002-2020 in GFED5, meaning the products over the shared timespan (2002–2016) were used as our fire emission benchmarks.160

The FireCCI5.1 and GFED4.1s burned area is similar, meaning this dataset was used primarily when assessing the realism of

DSCCI fire emission estimates spatially. On the other hand, the GFED5 “natural” burned area and DSGFED burned area is almost

identical, meaning DSGFED fire emission estimates are directly comparable to GFED5 “natural” emission estimates. Also, to

assess fire combustion rate (fire emissions per unit burned area), both the GFED4.1s and GFED5 products were used. However,

the GFED4.1s product does not provide burned area partitions, meaning the average of the GFED5 partitions over 2002–2016165

were used to augment the GFED4.1s BA.

To assess changes to land sink estimates we used the GCB residual sink and the 14 atmospheric inversions used in the GCB

(Luijkx et al., 2024), adjusted for the lateral river flux and land-use change emissions (as to be equivalent to DGVM natural

land sink estimates). To perform this adjustment, the river flux is based on (Lacroix et al., 2024), applied equally annually,

while land-use change emission estimates come from the four bookkeeping (BK) models used in GCB (BLUE, Hansis et al.,170

2015; OSCAR, Gasser et al., 2020; H&C, Houghton and Castanho, 2023; LUCE, Qin et al., 2024). To calculate uncertainty

around the ensemble means, the inter-ensemble standard deviation of the inversions and land-use change emission BK models
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were combined, and minimum and maximum estimates were obtained through testing all combinations of the inversion and

land-use ensembles. Of these 14 inversion datasets, eight fully cover the period 2001–2020, so these are used in our analysis

of this period. These eight inversions, and the four land-use change emission BK model estimates over the same period, can be175

seen in Fig. S4.

We define the DGVM net land sink (excluding land-use change) as Net Biome Production (NBP) estimates, calculated as:

NBP = NPP−HR− fFire− fHarvest, (1)

where NPP denotes Net Primary Productivity, HR denotes Heterotrophic Respiration, fFire denotes the fire emission carbon

flux and fHarvest denotes the harvest emission carbon flux (excluding wood product emissions). Net Ecosystem Production180

(NEP) is also investigated, defined as NPP−HR.

The following metrics were used to compare fire emission and land sink estimates to the observational datasets listed previ-

ously. Firstly, mean bias over the relevant period was used to assess the absolute prediction accuracy of each model regionally,

based on values integrated over all grid cells within each region. Temporal trends were assessed based on least squares re-

gression models on each regional annual time series (along with 95% confidence intervals). Meanwhile, for spatial accuracy185

assessments the normalised mean error (NME) score was used, calculated across all land grid cells (adjusted for grid cell size)

as:

NME =

∑
iAi · (|yi −xi|)∑
iAi · (|xi − x̄|) , (2)

where, for grid cell i, Ai denotes the cell area, yi and xi denote the modelled and benchmark value (respectively, averaged

over the relevant time period), and x̄ denotes the mean observed value across all cells. Finally, we use inter-model standard190

deviation as an indicator of inter-model uncertainty, later referred to as the ‘inter-model spread’. For regional analyses, the 14

GFED regions were used (Werf et al., 2025), shown in Fig. S1.

4 Results

4.1 Diagnostic burned area across multiple models

4.1.1 Fire emissions195

When diagnosing BA across the five DGVM models (JULES, EDv3, VISIT-UT, ORCHIDEE and OCN), improvements

to global fire emissions (fFire) were made. Specifically, we reduced the inter-model spread by 59% (1.8 PgC year−1 to

0.7 PgC year−1) and aligned well with GFED4.1s “natural” mean emissions (where global total burned area is similar, Fig. 1).

Global emission trends varied between benchmark datasets (weak but significant negative trend in GFED4.1s, non-significant

trend in GFED5) due to differences in burned area trends. Therefore, we focus on trends in fire combustion rates (fFire per unit200

BA, Section 4.1.2), which better isolate combustion processes.
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Figure 2. Multi-model mean and GFED “natural” global fire emission estimates, with ribbons showing inter-model spread in each simulation.

Numbers in the top right show GFED and multi-model averages over the GFED shared period (2002–2016).

Spatially and regionally, further improvements to emission estimates were observed when diagnostic burned area was applied

(Fig. 3, Table S1). In African savanna regions (which account for the majority of global fire emissions and BA), fire emissions

and BA were generally underestimated in the prognostic simulations compared to observation-based estimates. When burned

areas were diagnosed, this bias was reduced substantially, with close alignment in these regions with the GFED4.1s “natural”205

fire emission product on average (where BA is similar) and improved agreement with the GFED5 “natural” product (where BA

is notably higher). Furthermore, in Europe, parts of Central and Southern Asia, North America and the Middle East prognostic

fire models produced highly variable fire emissions and BA estimates that were higher than observations on average. Therefore,

under diagnostic BA biases and inter-model spread were also reduced in these regions (Fig. 3, Table S1). However, despite

similar burned area to the GFED4.1s “natural” product, fire emissions remained generally overestimated in South America210

and underestimated in boreal regions, even under diagnostic BA. These patterns were particularly prevalent along the arc of

deforestation in Southern Amazonia and the Cerrado, and in boreal forested areas of Siberia and Northern Canada and Alaska.

Spatial improvements to fire emission estimates under diagnostic BA are further illustrated by the substantially reduced

NME values between DGVM estimates and GFED4.1s and GFED5 (observed in all models except EDv3, Table 3).
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Figure 3. Spatial plots of GFED4.1s and GFED5 “natural” fire emission estimates globally (panels a and d), and differences between these

and multi-model average emissions under prognostic and diagnostic BA (panels b, c, e and f). For GFED4.1s the data was averaged over

2001–2016 (panels a–c), while the average across 2002–2020 was used for GFED5 (panels d–f).

Spatial Performance (Normalised Mean Error)

Benchmark Simulation JULES EDv3 VISIT-UT ORCHIDEE OCN

GFED4.1snat
PS 0.94 0.82 1.27 1.03 2.02

DSCCI 0.50 0.88 0.48 0.40 0.91

GFED5nat
PS 0.73 0.80 0.96 0.79 1.01

DSCCI 0.50 0.73 0.57 0.55 0.54
Table 3. Spatial NME values of DGVM fire emissions against the GFED4.1s and GFED5 “natural” products under prognostic (PS) and

diagnostic (DSCCI) burned areas, calculated across all land grid cells. Coloured highlighting represents performance: green (NME ≤ 0.6,

good), yellow (0.6 < NME ≤ 0.8, moderate), orange (0.8 < NME ≤ 1.0, poor), and red (NME > 1.0, very poor).
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4.1.2 Fire combustion rates215

Our new DSCCI simulations retained good agreement with GFED “natural” estimates of fire combustion rate (fire emissions

per unit burned area) on average globally, but inter-model spread (S.D) was not reduced (Fig. 4), with model means ranging

from 0.3 kgC m−2 year−1 to 0.7 kgC m−2 year−1 under diagnostic BA.

Figure 4. Multi-model mean and GFED “natural” fire combustion rate estimates globally, with ribbons showing inter-model spread in each

simulation (panel a). Panels b–e show estimates and inter-model spread in four high fire GFED regions (Fig. S1). Numbers in the top right

of each panel show GFED “natural” and multi-model averages over the whole time span.

Surprisingly, the satellite-constrained model simulations did not capture the significant positive trend in global fire combus-

tion rate present in GFED4.1s and GFED5 of 0.7 % year−1 and 1.2 % year−1, respectively. Across models, simulated global220
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trends were non-significant, with a weak positive trend of 0.1 % year−1 on average. In GFED4.1s and GFED5, this positive

trend mainly stems from Northern Hemisphere Africa and Boreal Asia (Fig. 4, Table S3). In Northern Hemisphere Africa this

trend was replicated by some models, with ORCHIDEE and OCN producing significant trends of similar magnitude to those

in GFED (Table S3). On the other hand, in Boreal Asia, whilst VISIT-UT, ORCHIDEE and OCN exhibited significant positive

trends, these trends were sensitive to the time period and substantially weaker than GFED “natural” product trends (Fig. 4,225

Table S3).

The magnitudes of fire combustion rates also aligned poorly regionally with the GFED “natural” products, with a high

level of inter-model spread present in many regions under diagnostic BA (Fig. 4, Table S2). In boreal regions, our modelled

fire combustion rates fell far short of GFED on average, particularly in Boreal North America where, even though increased

compared to prognostic simulations, rates were more than a factor of 2 lower than both GFED4.1s and GFED5 under diagnostic230

BA. Contrastingly, in moist tropical regions (South and Central America, South East and Equatorial Asia) fire combustion rates

were greater than GFED on average, and inter-model spread was high (Fig. 4, Table S2).

In many regions (e.g. South and Central America, Boreal North America), inter-model spread was notably higher under

diagnostic BA compared to prognostic (Table S2), despite burning being spatially consistent in these simulations.

Interestingly, under diagnostic burned area models were able to simulate the sudden increase in fire combustion rate in235

Australia in the years 2019 and 2020 (Fig. 4c), associated with the “Black Summer” extreme fire event (Ahmed and Ledger,

2023; Udy et al., 2024).

4.1.3 Land sink estimates

Diagnosing BA reduced the multi-model mean land sink by 0.3±0.4 PgC year−1 over 2001–2020 compared to the prognostic

simulations, despite the concurrent reduction in fire emissions. The DGVMs now better align with top-down constraints from240

atmospheric inversions (adjusted for land-use change emissions and the river flux) and the GCB residual sink on average over

this period, although the model ensemble performed well globally under both prognostic and diagnostic burned areas (Fig. 5).

The majority of the reduction to the land sink is attributable to the JULES, EDv3 and OCN models (which reported sink

reductions of 0.9 PgC year−1, 0.6 PgC year−1 and 0.5 PgC year−1 respectively) while the ORCHIDEE and VISIT-UT models

both reported a slight increase in sink size (< 0.1 PgC year−1 on average).245

The regions which contributed the most to the global reduction in the land sink were Southern Hemisphere Africa, South

America, and Boreal Asia (Table S4). In the case of Southern Hemisphere Africa and South America these reductions brought

estimates more in line with the mean of the adjusted inversion datasets, although land sink estimates lay within ±1 S.D of the

inversions on average in both these regions under both diagnostic and prognostic BA. On the other hand, in Boreal Asia the

reduction in sink size moved the land sink estimate farther from the average of the inversions.250

Across 2001–2020, three of the five models exhibited significant positive trends in NBP under diagnostic burned area

(JULES, EDv3 and OCN, Fig. S2). In JULES and OCN, the trend in the prognostic BA simulation was non-significant,

while EDv3 exhibited a significant positive trend under prognostic BA, but of a lower magnitude than that of the diagnostic

BA simulation. By comparing trends in NBP plus fire emissions (equivalent to net ecosystem production minus harvest emis-

13

https://doi.org/10.5194/egusphere-2026-3584
Preprint. Discussion started: 30 June 2026
c© Author(s) 2026. CC BY 4.0 License.



sions) between simulations with prognostic and diagnostic BA, we can isolate the influence of fire emission trends on NBP255

trends. Using this approach, trends in NBP plus fire emissions are similar between diagnostic and prognostic BA simulations

in all models except JULES (Fig. S2). This suggests that the stronger positive NBP trends under diagnostic BA were largely

attributable to modelled negative trends in global fire emissions, except in JULES, where burned area trends may have notable

impacts on the carbon cycle (discussed in Section 4.2).

Figure 5. Multi-model mean and observational global land sink estimates, with ribbons showing inter-model spread in each simulation

and the uncertainty in the GCB inversions (1 S.D) arising from the combination of multiple inversion products and GCB land-use change

datasets. Numbers in the top right show GCB inversionadj, GCB residual, and multi-model averages over the 2001–2020 period. Here, GCB

inversionadj denotes the GCB inversion datasets adjusted for land-use change emissions and the river flux (described in Section 3.3).

4.2 JULES burned area sensitivity experiment260

Since notable differences in both global total burned area and burned area dynamics are present between the two burned area

reconstructions produced by Guo et al., 2025 (Section 3.1, Fig. 1), we performed a second simulation in the JULES DGVM

with the GFED5 based reconstruction to assess the impact of these differences on carbon cycle estimates.

4.2.1 Fire emissions and land sink estimates

By applying the two distinct BA reconstructions to JULES, we found that fire emission estimates scaled well globally, with265

very similar average total emissions between GFED5 “natural” emissions and the diagnostic simulation with GFED5 BA, and
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reasonable agreement between GFED4.1s “natural” emissions and the diagnostic simulation with FireCCI5.1 BA (Fig. 6b).

Similar regional and spatial improvements to those seen in the multi-model analysis were also present.

Surprisingly, modern day land sink estimates varied substantially between simulations. Specifically, over 2001–2020 NBP

was 2.7 PgC year−1 in the prognostic simulation, 1.8 PgC year−1 in the diagnostic simulation with FireCCI5.1 BA and270

1.0 PgC year−1 in the diagnostic simulation with GFED5 BA. This NBP estimate in the simulation with GFED5 diagnostic

BA fell below all GCB inversion and land-use dataset change combinations (minimum of 1.2 PgC year−1).

Figure 6. Global BA, fire emissions, NEP, and NBP estimates in the JULES prognostic and diagnostic BA simulations. The black dashed

vertical line in panel a shows the start of the training period. GFED4.1s and GFED5 “natural” BA and fire emissions are shown in panels a

and b, respectively, while GCB inversions (adjusted for land-use change emissions and the river flux) and the GCB residual are shown in

panel d. The grey ribbon shows uncertainty (1 S.D) in the GCB inversions arising from the combination of multiple inversion products and

GCB land-use change datasets.

4.2.2 Burned area dynamics and JULES land sink estimates

Historically, between 1901 and the mid 1970s, BA decreased in the FireCCI5.1 reconstruction but increased slightly in the

GFED5 reconstruction. This difference in burned area dynamics coincides with a divergence in fire emissions and convergence275

in NEP between the two simulations, leading to divergence in NBP (Fig. 6). Also, in the prognostic BA simulation a significant

drop in BA occurs in the 1960s, coinciding with divergence between the NBP in this simulation and the diagnostic simula-

tions. Between the late 1970s and the early 2000s a rise in burned area occurs in both reconstructions, with this rise being of
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higher magnitude in the GFED5 reconstruction. This coincides with further divergence between the diagnostic and prognostic

simulation NBP.280

The fact that divergence in NBP between the simulations is linked to differences in burned area dynamics specifically

suggests that these dynamics influence JULES NBP estimates (through changes to both fire emissions and NEP), rather than

the baseline level of BA. To evidence this further, we performed an additional counterfactual JULES simulation based on the

DSCCI simulation, described in Section 3.2, Table 1.

4.2.3 FireCCI5.1 1979–2008 burned area dynamics impact285

Based on our counterfactual simulation, DSCCI CF, the rise in burned area between 1979 and 2008 in the FireCCI5.1 reconstruc-

tion led to a substantial drop in the JULES natural land sink of 0.4 PgC year−1 on average, with the increase in fire emissions

only accounting for ≈ 30% of this decrease and the decrease in net ecosystem production (NEP = NPP - HR) accounting for

the remaining ≈ 70% (Fig. 7). The cause of this decrease in NEP was split evenly between a decrease in NPP and an increase

in HR. The higher NPP in the counterfactual compared to the original DSCCI simulation was associated with 13 PgC more290

vegetation carbon in 2008, while the reduction in HR was associated with a slightly increased soil carbon pool of 1 PgC.

Figure 7. Differences between JULES global BA, NBP and NEP estimates globally between the standard DSCCI and counterfactual

(DSCCI CF) across 1979–2008. BA differences are split between forest and non-forest PFTs (panel a), while differences in NBP are split

between NEP and fire emissions (panel b) and NEP differences are split between NPP and HR (panel c).

The magnitude of year-to-year differences in NBP between the counterfactual and original simulations were aligned much

more closely with year to year differences in forest BA rather than total BA (Fig. 7). Furthermore, differences in burned

area in forest PFTs accounted for a large proportion of the spatial variability in NBP difference between the original and

counterfactual simulations on average over 1978–2008 (R2 = 0.83), while differences in total burned area accounted for a295

much lower proportion (R2 = 0.25). This suggests that forest BA dynamics in particular have a high impact on JULES NBP

estimates.
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The increase in burned area caused a reduction of 0.9 PgC year−1 over 2000–2008. Therefore, the counterfactual NBP was

2.7 PgC year−1 over this period which is similar to the PS average of 2.6 PgC year−1 and lies well within 1 S.D of the mean

of the GCB inversions and close to the GCB residual sink.300

5 Discussion

5.1 Multi-model

5.1.1 Fire emission estimates

When applying long-term diagnostic burned area across the five DGVMs, we found large spatial and regional improvements

were made to fire emission estimates against observation-based estimates, while retaining realistic land sink estimates and305

smooth burned area transitions. Although global burned area and fire emission estimates were similar on average under diag-

nostic burned area, the reduction in spatial and regional biases were substantial. For example, the fire emission biases under

prognostic BA of underestimation in African savannas, and overestimation across much of Eurasia (also seen in FireMIP anal-

yses, Hantson et al., 2016) were substantially reduced under diagnostic BA. These improvements could be especially relevant

to regional carbon budgets, where regional fire disturbance and fire emission biases may have significant impacts on DGVM310

carbon cycle estimates. Additionally, the inter-model spread in global fire emissions is reduced by more than a factor of 2

under diagnostic burned area compared to prognostic, meaning by implementing diagnostic burned area in DGVMs, we can

significantly reduce the inter-model uncertainty around the short term impacts of fire on the carbon cycle.

Contrastingly, when implementing diagnostic burned areas in DGVMs we failed to reduce the inter-model spread around

global fire combustion rate estimates (fire emissions per unit BA), despite spatially consistent burned areas. Furthermore, inter-315

model spread remained high regionally, and in many regions spread increased under diagnostic BA. This increased spread is

probably attributable to compensation effects due to coupling between BA, fuel loads and fire emissions in prognostic BA

simulations. Under diagnostic BA, this coupling is removed, allowing model differences in fuel availability and combustion

processes to fully manifest. Also, in many regions magnitudes and trends aligned poorly compared to the GFED “natural”

products. This highlights the high level of variability in simulated fuel loads, combustion completeness, and post-fire impacts320

such as fire-induced tree mortality in models (Table 2).

For example, in moist tropical regions, such as South and Central America and Equatorial Asia, inter-model spread is large,

and fire combustion rates are high compared to GFED estimates on average. This implies that simulated available fuel loads or

combustion completeness are also highly variable and possibly overestimated by the DGVMs on average in these regions. This

aligns well with the work of Forkel et al., 2025, which concludes that the majority of fire emissions in the Amazon and Cerrado325

are from the smoldering of woody debris, with litter burning making up a smaller proportion, and the burning of herbaceous

material forming a near negligible proportion of total CO2 emissions. On the other hand, all participating models except

ORCHIDEE base fuel loads either directly or indirectly on vegetation biomass. Therefore, the DGVMs in our analysis may be

misrepresenting fuel contents in moist tropical regions, with potentially too high a proportion of live vegetation biomass. For
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example, in the JULES model around 1 third of fire emissions in SHSA under diagnostic burned area came from vegetation330

combustion. Furthermore, an explicit woody debris pool is not simulated by JULES meaning it has a fundamental problem

when estimating fire emissions and carbon pool impacts in these regions.

Alternatively, combustion completeness values and dependencies vary across the DGVMs used in our analysis, with two of

the five models varying combustion completeness (CC) with soil or fuel moisture (JULES, ORCHIDEE), and three using fixed

values per PFT, biome or biomass pool (EDv3, VISIT-UT, OCN) (Table 2). These differences in CC may increase variability335

in simulated fire combustion rates, with differences in the handling of fuel moisture possibly having a large impact in moist

tropical ecosystems where fuels are often subjected to seasonal drying and droughts (Aragão et al., 2018).

On the other hand, in boreal regions, the fire combustion rate is underestimated by more than a factor of 2 compared to

GFED estimates, values stated in Zheng et al., 2021 and Jones et al., 2024, and field measurements (van Leeuwen et al., 2014;

van Wees et al., 2022). In these regions, forest fires are generally severe stand replacing events, characterised by high intensity340

crown fires which cause high levels of fire-induced mortality and combustion completeness (Amiro et al., 2006; Xu et al.,

2024; Webb et al., 2024). These fires may also burn deep into the duff layer and soils, leading to the combustion of soil organic

carbon (SOC), which can contribute to a large proportion of total fire emissions (Walker et al., 2018; Boby et al., 2010). In four

of the five participating models (JULES, EDv3, VISIT-UT, OCN), fire intensity is not calculated and fire-induced mortality is

kept as a constant proportion across all forest PFTs and biomes. Fire emissions are then calculated based on fuel loads and345

vegetation burned by fire, scaled with combustion completeness (Table 2). In EDv3, mortality does vary based on tree height

(an observed relationship, Balch et al., 2011), but this does not differ based on forest type or location. In ORCHIDEE, fire

intensity (fireline intensity, kWm−1, estimated based on fire rate of spread and fuel loads) is used to estimate scorch height,

from which the level of fire-induced mortality through crown damage and cambium death is calculated. However, vegetation

killed by fire does not form a component of fire emissions in ORCHIDEE, so variations in fire-induced mortality do not impact350

fire emission estimates. Also, in all our participating models below-surface soil organic carbon is unavailable to fires, meaning

this significant component of the fuel load in boreal forests is unaccounted for in these models. This potential underestimation

of fire-induced mortality combined with a lack of SOC combustion means that fire combustion rates (and fire emissions) are

probably underestimated by models in boreal regions, where fire intensity and severity is generally high and below-surface

SOC may become available to fire.355

In addition, GFED estimates, along with other bottom-up estimates (Jones et al., 2024), and top-down estimates (Zheng

et al., 2021), show an increasing global trend in fire combustion rates, attributed to an increase in forest fire intensity and

burned area. Specifically, this increase is linked to climate change induced changes to forest fire regimes in the extratropics

(Jones et al., 2024; Fan et al., 2022), partly associated with increases in extreme fire events (Cunningham et al., 2024). Under

diagnostic burned area, our models failed to replicate the magnitude of this positive trend, especially in Boreal Asia. Although360

uncertainties exist around the partitioning of burned area across different land cover classes in both our methodology and

burned area products (Chuvieco et al., 2019; Lizundia-Loiola et al., 2020), in fire-prone boreal regions woody land cover

dominates (Flannigan et al., 2009; Helbig et al., 2024), suggesting the partitioning of burned area across different land cover

classes is less uncertain in these regions. Also, in the GFED5 product (where burned area land cover partitions are provided),
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no significant trend in boreal forest burned area is observed in Boreal Asia, while a significant positive trend in boreal forest365

fire combustion rate is present. This implies that changes to fire intensity and combustion completeness, rather than burned

area partitioning, are probably driving this increase in fire combustion rate in Boreal Asia. This further emphasizes the need

for models to produce estimates of fire intensity and relate these to emissions in order to better replicate observed magnitudes

and trends in fire combustion rates.

On the other hand, in Australia, DGVMs were able to capture the spike in fire combustion rate and fire emissions in 2019370

and 2020 associated with the “Black Summer” extreme fire event (Ahmed and Ledger, 2023; Udy et al., 2024). This highlights

the ability of DGVM models to capture certain extreme fire events when diagnostic BA is used, providing insight into the

overall impact of these events on the carbon cycle. This may be particularly useful to regional carbon budgets, where extreme

fire events may have a significant impact on the carbon cycle over long time periods.

5.1.2 Land sink estimates375

The reduction to the DGVM global land sink estimate observed under diagnostic BA over 2001–2020 led to closer agreement

with the GCB inversions (corrected for land-use emissions and the river flux) and residual sink on average, however this result

was not shared across models and inter-model spread remained high. Around half of this reduction stemmed from Africa,

bringing land sink estimates more in line with inversions. This may be due to better constrained biomass in African savanna

regions on average under diagnostic BA (Fig. S4), associated with a higher level of fire disturbance.380

Under diagnostic BA, the significant positive trend present in the land sink over 2001–2020 in three of the models was

mainly attributable to negative trends in fire emissions, as well as a positive trend in NEP in the JULES model (associated with

the decrease in global burned area over the start of the 21st century). If models were able to capture the observed positive trend

in fire combustion rate, fire emission estimates would decrease at a lower rate in the diagnostic BA simulations, meaning we

would expect these positive land sink trends to be of a lower magnitude and more in line with top-down constraints and the385

GCB residual sink.

5.1.3 JULES sensitivity experiment

When diagnosing BA in the JULES DGVM with both the GFED5 and FireCCI5.1 based reconstructions, we found the choice

of diagnostic BA led to a substantial difference in modern day land sink estimates (0.8 PgC year−1 on average over 2001–

2020). This result differs from Poulter et al., 2015, which found land sink estimates from the LPJ model remained stable when390

three distinct satellite BA products were applied, however in this study differences in long-term BA dynamics were not present.

Fire emission estimates also differed significantly between the simulations (1.1 PgC year−1), and scaled well depending on

the choice of reconstruction (close agreement between DSGFED and GFED5, and between DSCCI and GFED4.1s). However,

these differences in fire emissions between simulations are not directly responsible for the differences in NBP, since the model

was spun-up to a different “pre-industrial” equilibrium, with NBP equal to zero in both simulations.395

Based on visual assessment and the counterfactual simulation, described in Table 1, we suggest that the differences in modern

day NBP between the simulations are mainly attributable to differences in 20th century burned area dynamics (especially in
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forest PFTs) having a legacy effect on land sink estimates. Specifically, the counterfactual showed that the increase in burned

area between 1979 and 2008 present in the FireCCI5.1 reconstruction led to a substantially reduced land sink estimate over

the 2000–2008 period in the FireCCI5.1 diagnostic BA simulation (-0.9 PgC year−1). This suggests that without this increase400

in burned area the FireCCI5.1 diagnostic BA simulation modern day land sink estimate would be similar to the prognostic

simulation average, and align well with the GCB inversions and GCB residual. In the GFED5 diagnostic BA simulation, the

rise in burned area over 1979–2003 is of greater magnitude than that of the FireCCI5.1 reconstruction, and burned area does not

decrease over 1901–1978 (Fig. 6a). These differences in past BA dynamics between the reconstructions are the most plausible

explanation for the lower modern day land sink magnitude in this simulation.405

The majority of the NBP difference between the counterfactual and standard FireCCI5.1 diagnostic BA simulations in

JULES stemmed from changes to NEP, rather than just differences in fire emissions. This finding is similar to that in Yin et al.,

2020, which predicts that the observed drop in global burned area between 2008–2014 compared to 2001–2007 leads to an

increase in the land sink of 0.6 PgC year−1 across 2008–2014, with just 0.2 PgC year−1 of this change resulting from fire

emission changes and the remaining 0.4 PgC year−1 resulting from changes to NEP (based on model land sink estimates from410

the CARDAMOM DGVM). This effect on NEP is due to decreased fire disturbances leading to a reduction in heterotrophic

respiration (due to a reduction in litter/soil pool inputs through fire-induced mortality), as well as an increase in NPP (due to

increases in biomass and photosynthetic capacity). Our analysis suggests that BA dynamics in forest ecosystems specifically

are probably the main driver of changes to NBP. This may be expected since simulated fuel loads are generally high in forest

ecosystems. Also, photosynthetic capacity is high in forests, and a large amount of carbon is lost to litter/soil pools when415

fire-induced mortality occurs due to the high biomass. Hence, BA dynamics in forest ecosystems may be expected to have an

especially large impact on NEP.

Overall, this implies that pre-satellite era burned area dynamics may have a significant impact on modern day land sink

estimates in DGVMs, with an average disparity in JULES NBP estimates of 0.8 PgC year−1 over 2001–2020 depending which

of the two burned area reconstructions is used. However, this impact may be substantially lower in other models depending420

how fire dynamics impact ecosystem productivity, highlighting the need for further investigation into the true impact of fire

regime changes on NEP.

5.2 Implications for future work and the Global Carbon Budget

In the context of GCB and the TRENDY project, our results imply diagnostic burned area simulations may offer advantages

over the current default of simulations with prognostic BA. Improved burned area realism across models led to a lower inter-425

model uncertainty around fire emission estimates, along with significant reductions in many regional fire emission biases, and

moderate improvements to net land sink estimates compared to prognostic BA simulations. Also, the improved ability to capture

extreme fire events and their impact on the carbon cycle may be especially valuable, given the increasing frequency and severity

of these events and their potentially significant impacts on regional carbon cycling (Cunningham et al., 2024; Walker et al.,

2018). However, our sensitivity experiment in JULES showed that underlying uncertainties in burned area mapping and pre-430

satellite era burned area dynamics may add a high level of uncertainty to net land sink estimates, which may be overlooked when
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uniform burned area is diagnosed across models. Specifically, the unrealistically low JULES NBP estimate under the GFED5

reconstruction, probably driven by pre-satellite burned area dynamics, suggests that the land sink improvements observed under

diagnostic BA may not be robust to differing burned area reconstructions and mappings. In addition, practical obstacles must

be overcome in order for diagnostic burned area to be adopted as the default in GCB and TRENDY. For example, currently435

only a small subset of DGVMs involved in the TRENDY project are capable of performing diagnostic BA simulations, so

further development is needed to implement diagnostic BA across all models. Furthermore, few satellite burned area products

have a sufficiently low latency to cover the previous year in full, which is a crucial year for GCB analyses.

In the multi-model analysis, we showed that even under diagnostic BA models generally fail to capture the documented

global positive trend in fire combustion rate, meaning carbon budget estimates produced using DGVMs with diagnostic burned440

area may not account for observed increases in fire intensity and forest fire occurrence. Regionally, fire combustion rate magni-

tudes were also poorly replicated and highly variable. This exposes the need for models to better estimate available fuel loads

and fuel composition, combustion completeness, and post-fire impacts such as fire-induced mortality, and to vary these impacts

based on regional fire regimes. In order to better constrain modelled fire combustion rates, the DGVM community could look

toward field measurements of fuel consumption, such as the database of van Leeuwen et al., 2014 (updated by van Wees et al.,445

2022). Also, the lack of positive trend in fire combustion rates in boreal regions (particularly in Boreal Asia, present in GFED

estimates and documented by Jones et al., 2024, Zheng et al., 2021) highlights the need for DGVMs to estimate forest fire

intensity and relate this to fire emissions, in order to produce realistic fire emission changes with the changing climate. Fire

intensity has also been shown to correlate with other factors affecting the impact of a fire on ecosystems and the carbon cycle,

such as the level of fire-induced mortality (Balch et al., 2011), further demanding its inclusion in DGVM fire modules. In450

addition, the fire combustion rate underestimation in boreal regions may arise in part from insufficient burning of soil organic

carbon, indicating that models need to make soil organic carbon available to fire in order to represent fire carbon cycle impacts

effectively in these regions.

Our JULES sensitivity experiment results motivate further work into the impact of long-term fire dynamics on contemporary

NBP. Realistic and accurate historical burned area datasets are needed. Further, more research is needed into the cascading455

impacts of fires, from direct emissions, to delayed mortality and shifts in plant community composition.

In JULES a large proportion of the biomass killed by fire enters the soil pools, specifically the fast decaying decomposable

and resistant plant matter pools (DPM and RPM). This can lead to a large and sudden increase in heterotrophic respiration

post-fire, especially in forest PFTs where the amount of biomass killed by fire is high. On the other hand, the decay time of

large woody biomass killed by fire occurs over long timescales (with 85% of killed biomass carbon observed to be persisting 10460

years after a large Oregon wildfire, Campbell et al., 2016). Furthermore, a significant proportion of burned biomass is converted

to inert pyrogenic carbon post-fire (around 28% of charred carbon after a typical boreal forest fire, Santín et al., 2014), leading

to an increased soil carbon sink on millennial timescales (Bowring et al., 2022). This process is currently unaccounted for in

JULES. All this suggests that increases in heterotrophic respiration post-fire disturbance in JULES may be too high. Therefore,

the effect of changes to fire regime on NEP may be overestimated in the JULES DGVM, but more research is needed to prove465
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this (especially as changes to NPP post-fire are also highly uncertain). In addition, 20th century BA dynamics between the two

reconstructions differ markedly (Fig. 1), adding to the uncertainty around DGVM land sink estimates under diagnostic BA.

6 Conclusions

In conclusion, by applying long-term diagnostic burned area to a subset of five DGVMs in TRENDY, this study shows that fire

emission estimate realism and constraint across models can be substantially improved when diagnostic burned area is applied470

rather than prognostic (59% reduction in inter-model S.D and large reductions to regional biases observed), in turn reducing

inter-model uncertainty around the immediate impacts of fires on the carbon cycle. Contrastingly, we found that land sink

estimate realism may be moderately improved under diagnostic BA, but inter-model uncertainty may remain similar between

diagnostic and prognostic burned area simulations despite fire emission improvements.

Furthermore, this study demonstrates that fire-enabled DGVMs are currently unable to capture the changing nature of fire475

regimes and impacts on carbon dioxide emissions even under diagnostic burned areas, impacting land sink estimates and

dynamics. This arises from the poor representation of fuel loads and fuel composition, combustion completeness, fire-induced

tree mortality, and the influence of fire intensity on fire emissions. Specifically, in forested regions ecosystem-level differences

in fire regime and post-fire impacts are poorly represented, affecting regional carbon budget accuracy. Additionally, the fact

that the observed global increase in fire combustion rate is not captured influences global land sink trends, highlighting the480

need to reproduce these trends effectively in models.

Also, by applying two long-term diagnostic burned area reconstructions to the JULES DGVM, this study demonstrates that

DGVM fire emission estimates scale realistically depending on the burned area product used. However, land sink estimates

varied substantially between the diagnostic burned area simulations (differing by 0.8 PgC year−1 on average over 2001–2020),

probably due to differences in burned area dynamics across the 20th century between the two reconstructions having legacy485

effects on both fire emission and NEP estimates (evidenced by the use of a counterfactual simulation). This indicates that a

potentially high level of uncertainty around modern day land sink estimates in DGVMs is attributable to pre-satellite era burned

area dynamics, highlighting the need for further investigation into the effects that burned area dynamics have on the carbon

cycle and the uncertainty around past burned area trends.

7 Data availability490

GFED5 and GFED4.1s data used in this study are publicly available from https://www.globalfiredata.org/data.html (last ac-

cess: 9 June 2026) (Werf et al., 2025; van der Werf et al., 2017), and GCB inversion and land-use change datasets are avail-

able from https://www.icos-cp.eu/data-products/global-co2-gridded-flux-fields-14-atmospheric-inversions-gcb2025, https://

globalcarbonbudget.org/the-latest-gcb-data/ (last access: 9 June 2026) (Luijkx et al., 2024; Friedlingstein et al., 2025b). Re-

constructed burned area datasets are available from https://zenodo.org/records/14191467 (last access: 9 June 2026) (Guo et al.,495

22

https://doi.org/10.5194/egusphere-2026-3584
Preprint. Discussion started: 30 June 2026
c© Author(s) 2026. CC BY 4.0 License.



2025). TRENDY model simulations are hosted by Michael O’Sullivan and are available from https://mdosullivan.github.io/

GCB/ (last access: 9 June 2026) (Sitch et al., 2024; Friedlingstein et al., 2025b).
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