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Climate change is driving the expansion of fire-prone areas and the intensification of wildfire events, threatening
European forests. Yet, how this shift in fire regime might be more impactful on ecosystems lacks data-driven
assessments of forest ecosystem vulnerability to this disturbance. We propose a comprehensive framework for
assessing forest biomass vulnerability to wildfires across France, leveraging high-resolution tree height data and
Landsat-based fire history reconstruction. We developed a new mapping of forest aboveground biomass (AGB) at
10m resolution, providing detailed insights into biomass distribution across various forest types. Additionally, we

GEDI compiled a new database of fire polygons in France since 1984, encompassing 1762 fires, which serves as a
landsat critical resource for time since last fire and fire characteristics. Utilizing a space-for-time approach, we char-
Forest acterized post-fire drivers of biomass recovery, integrating species-specific fire response traits, fire characteris-
Random Forest tics, climatic conditions, and topographic variables. Our findings reveal significant regional variations, with
Driver temperate forests exhibiting higher vulnerability due to greater biomass exposure, lower resistance, and recovery

rates, with local effects of topo-climates and fire size. The high-resolution mapping of quantitative vulnerability
offers a robust tool for fire risk management, emphasizing the importance of considering post-fire recovery in
carbon stock assessments. This work aims to inform decision-makers and enhance fire prevention strategies,

contributing to sustainable forest management under changing climate conditions.

1. Introduction

Wildfire is one of the major disturbances affecting European forests
(Senf & Seidl, 2020), and climate change may increase burned area in
the existing fire-prone regions (Jones et al., 2022) but also expand to
regions hardly affected by fires until now (Galizia et al., 2023; Senande-
Rivera et al., 2022). Particularly, more frequent heat waves and pro-
longed drought might be responsible for these changes (El Garroussi
et al., 2024; Ruffault et al., 2020), as recently observed during the 2022
fire season with a distinctive fire pattern toward the northern temperate
forests of Europe (Rodrigues et al., 2023). Burned area then appears as
the major indicator of interest to understand the underlying drivers
leading to these extreme events (Abatzoglou et al., 2018; Jones et al.,
2022). Additionally, wildfires and burned area are considered as an
essential climate variable (ECV) (GCOS | WMO, 2024) and an essential
biodiversity variable (EBV) (Pereira et al., 2013), highlighting the
increasing scientific and societal awareness of the potential fire impacts

on the environment, the climate and societies. Accordingly, assessments
of fire impacts on wildlife habitat alteration and biodiversity (Brotons
et al., 2005), tree cover and carbon stock loss (Patacca et al., 2023) have
been conducted, aiming at providing ecosystem vulnerabilities to
wildfires for decision makers as a supplementary index to burnt area
alone (Oliveira et al., 2018).

Fire impacts on greenhouse gas emissions and terrestrial carbon
stocks have rapidly emerged as an additional keystone impact to
quantify (Kaiser et al., 2012; Van Wees et al., 2022), benefiting from the
systematic burned area detection at global scale from remote sensing
since 2001 (Chuvieco et al., 2019; Mouillot et al., 2024). Alongside these
biogeochemical modeling of fire emissions, fire impact assessments
started to account for post-fire carbon stock recovery (Yue et al., 2013),
pointing out potential irrecoverabilities that could undermine climate
mitigation goals within the next 40 years (Noon et al., 2021). Ac-
counting for recovery time in the carbon balance of fire-prone ecosys-
tems then appears as critical information. Considering this threat when
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evaluating and reporting extreme fire events, rather than its burned area
alone, could then greatly improve the message to society and decision
makers to prioritize safety interventions or management strategies
(Oliveira et al., 2020). Assessing fire risk holistically offers a promising
framework for generating tangible and quantitative information
(Chuvieco et al., 2023) in this regard. The framework of risk assessment
for a forest ecosystem following a natural disturbance integrates hazard,
exposure and vulnerability components (Aven, 2011; Chuvieco et al.,
2023; Coppola, 2015, Lecina-Diaz et al., 2021). In the context of fire
impact on forest biomass, hazard represents the occurrence of fire;
exposure refers to the quantity of forest biomass potentially affected by
fire; and vulnerability expresses the degree to which a forest ecosystem
is affected over time. Vulnerability reflects the forest's capacity to resist
and recover when exposed to the fire. Thus, vulnerability can be
considered as the absence of the exposed value over time.

Quantitatively applying this framework is, however, challenging
(Angeler & Allen, 2016; Dakos & Kéfi, 2022; Ingrisch & Bahn, 2018;
Rodrigues et al., 2024), both in quantifying the ecological values
(Amador-Cruz et al., 2021) and how they can be assembled into a single
index (Finney, 2005). Forest carbon storage, as an ecological value, is
however more related to tangible information (expressed in tons of
carbon), that should enable an objective application of the vulnerability
framework. Efforts to compile data on fire-induced tree mortality
(Cansler et al.,, 2020), understanding the underlying processes
(Kavanagh et al., 2010), identifying key fire resistance plant traits
(Moris et al., 2022; Pausas et al., 2018), and quantifying carbon stock
alterations (Webb et al., 2024) during fire events, could provide a first
step toward a quantitative integration of resistance. Carbon stock re-
covery time then depends on plant regeneration strategies from fires
(Archibald et al., 2019), from individuals through vegetative repro-
duction (resprouting) to seed germination from fire-resistant seed bank
or through dispersal from unburned neighboring forest patches. It also
depends on the growth rate of species, as implemented in forest models
(Morin et al., 2021; Schworer et al., 2014) modulated by climate con-
straints (Shen et al., 2025). Yet, these pieces of conceptual framework,
local information, or empirical and process-based models lack large
scale data-driven assessment methodologies to provide stakeholders
with quantitative and objective mapping of forest carbon stock vulner-
ability to wildfires.

Advances in remote sensing managed to step further forest vulner-
ability assessment to regional or global level, mostly through time series
of spectral indices following fires, or space-for-time analysis across
landscape with contrasting time since last fire. The use of spectral
indices (Ermitao et al., 2024; Ouattara et al., 2025; Shen et al., 2025)
mostly driven by foliage characteristics, partially relate to forest carbon
stock dynamic with a faster recovery of foliage than wood biomass
(Prodon & Diaz-Delgado, 2021), and does not necessarily follow forest
recovery (Celebrezze et al., 2024). Recent global access to fine resolu-
tion Lidar data now provides tree height (Potapov et al., 2021) and tree
cover information (Hansen et al., 2013), which are more correlated than
spectral indices to forest tree biomass. Lidar data are, however, available
only since 2019 on a global scale. This information could effectively
quantify exposed biomass (Vallet et al., 2023) and biomass loss and
mortality rates (Fernandez-Guisuraga et al., 2022) for the 2020-2022
fire seasons in Europe, for example, but prevent diachronic in-
vestigations of vegetation recovery over a long period. Using these data,
Forzieri et al. (2021) proposed a European scale forest vulnerability
assessment, but based on biomass loss alone, omitting the recovery
component. Space-for-time analysis can effectively relate tree height
with time since last fire across various biomes, covering single fire
events (Epstein et al., 2024) to large territories (White et al., 2022)
where long-term fire data were available, but did not convert tree height
into carbon stocks. Yet, no convincing studies proposed a quantitative
vulnerability assessment and mapping of forest carbon stocks at the
territory scale seen through the lens of forest resistance and recovery.
This kind of evaluation could be a useful tool for decision makers and an
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objective quantification of fire impacts when they happen.

Following the distinctive 2022 fire season in France with 42,520 ha
burned and abnormally affecting the non-mediterranean part of the
country less prone to fires (Vallet et al., 2023), France launched in July
2023 its new national strategic reinforcement law for fire prevention
(LEGIFRANCE, 2023) aiming at a better characterization of fire hazard
and forest vulnerability (Riviere et al., 2023). This strategy aligns with
the wider European (Berchtold et al., 2025) and global (Oliveras Menor
et al., 2025) strategies for an integrated fire management aiming at
reconsidering fires beyond the simple fire hazard. Considering these
objectives, we propose to develop and provide a comprehensive and
robust quantitative framework of forest carbon stock vulnerability to
fire accounting for their key drivers. This objective timely coincides with
the recent delivery of fine resolution tree height mapping over France
(Schwartz et al., 2025) to produce a forest biomass map, and accessi-
bility to open access fire history reconstruction tools from remote
sensing (Roteta et al., 2021) filling the gap of historical fire data still
lacking in the country. We thus aim at concomitantly generating a
Landsat-based fire perimeter dataset since 1984 to perform a space-for-
time biomass analysis and provide a methodological framework to
deliver a quantitative and objective fire vulnerability mapping of forest
carbon stock at the national level.

2. Materials and methods
2.1. Study area

Our study covers the France metropolitan area (41.38N-51.09N,
4.76W-9.55E)for which a national forest biomass map was recently
delivered (Schwartz et al., 2023), covering a wide range of forest biomes
from Mediterranean to temperate, and highly affected by unusual 2022
fire season leading to the July 2023 new law for reinforcement on fire
prevention and firefighting (https: //www.legifrance.gouv.fr/loda/id/J
ORFTEXT000047805414). The French metropolitan territory features a
high diversity of forest types and fire regimes (Fig. 1). Fires occur mainly
in the southeast of France, where the climate is Mediterranean. On
average, 4,812 ha of wildland has been burnt in this area every year
since 2006 (BDIFF, 2026; Vallet et al., 2023). There is considerable
interannual variability in the area burnt (SD = 3,855 ha), depending on
climatic conditions, with some record years such as 2017 (15,660 ha).
This area includes low forests of evergreen oak (Quercus ilex, Quercus
suber) or Pine (Pinus halepensis, Pinus nigra) as well as areas of scle-
rophyllous vegetation (shrubland, maquis, guarrigue).

The southwest of France is also affected by fires. Even though this
area is relatively less affected than the Mediterranean basin (burnt area
2006-2019 = 494 ha.yr-1), some fire events can reach large areas
(Landiras fire in 2022 = 12,140 ha), resulting in significant total burnt
areas (in 2022, 26,858 ha burnt) (BDIFF, 2023; Vallet et al., 2023). This
region is characterized by a maritime pine (Pinus pinaster) forest inten-
sively managed for timber production.

The northern part of France is less fire-prone, but during prolonged
drought and heatwave events, fires can occur and cause large burnt
areas, as in 2019 (3,035 ha) or 2022 (7,813 ha) (BDIFF, 2023; Vallet
et al., 2023). This area is dominated by temperate forests with con-
trasting management practices. The main tree species are oak (Quercus
petreae, Quercus robur), beech (Fagus sylvatica), Scots pine (Pinus syl-
vestris), spruce (Picea abies) and fir (Abies alba).

2.2. Vulnerability assessment

We quantified the fire vulnerability and its components for each
forest pixel (Fig. 2). Based on the conceptual scheme proposed by
Chuvieco et al. (2023) for European forest vulnerability assessment to
fire, the Exposure (E) corresponds to the initial state of the vegetation
before disturbance, i.e. the AGB map produced for the year 2020 in our
scenario. The Resistance (R) corresponds to the amount of biomass that
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Figure 1. Map of the 19 forest classes in France (IGN, 2018). The classification is separated into Broadleaf and Needle leaf and based on the National Forest In-
ventory. The resolution of the initial data is 10m. For better visualization, the data were resampled to 500m resolution and represent the dominant forest class. The
French map and the snapshot showing France within the European continent follow the WGS84 projection.
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Figure 2. Conceptual scheme of vulnerability to disturbance. Here, we take the
example of forest biomass vulnerability to fire, but this theoretical scheme
could be applied to other ecological values and other disturbance types.

survived the fire (R = AGB;-1). The recovery rate (RR) corresponds to
the annual biomass gain after fire, i.e., the difference in AGB between
two consecutive years t and t-1. It is calculated for each year (t) over the

simulated period (T=35 years).
RR, = AGB, — AGB,_;

Vulnerability (V) expresses the absence of exposed biomass over
time. It depends on the resistance and recovery rate of the forest. It
corresponds to the integral over the post-fire biomass recovery curve. It
can thus be expressed as the sum of the exposure minus annual biomass
(AGB,) predicted over the period T.

T T
V=> E—AGB =E*T— (R +Y . ,AGB. 1 + RRt>

2.3. Fire data

To process our space-for-time analysis over the period 1984-2022,
and in absence of any consistent and homogeneous database over the
country, we delineated fire polygons using the semi-automatic Burned
Area Mapping Tools (BAMTs) within the Google Earth Engine platform
(Bastarrika et al., 2014; Roteta et al., 2021). We focused our mapping
effort on fires larger than 10 ha (Fig. 3). BAMTs relies on the use of
atmospherically corrected and orthorectified satellite images (Landsat
since 1984 and ESA Sentinel-2 since 2016) to derive three spectral
indices: Normalized Differential Vegetation Index (NDVI) (Rouse et al.,
1974), Normalized Burn Ratio (NBR) (Key & Benson, 1999), and NBR2
(Garcia & Caselles, 1991). To localize fire events spatially and
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Figure 3. Fire polygon data for France between 1984 and 2022. Top-left: Number of polygons mapped per year. Top-right: Number of polygons mapped and total
burnt area by fire size class. Middle: Fire polygon distribution map. Bottom: local snapshot (A,B and C) showing the fine resolution of fire polygons overlapped with

tree cover (Sexton et al., 2013).
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temporally, we took advantage of the national fire occurrence database
(BDIFF, 2026). Fires are referenced with their date and municipality of
occurrence since 1973 for the Mediterranean area and since 2006 for the
whole country. We also leveraged 71 fire occurrence information from
grey literature to map polygons absent from the national inventory and
mostly in the non-Mediterranean area over the 1984-2005 period. We
used this information to identify the pre- and post-fire periods for
capturing changes in the three spectral indices, represented by an RGB
color scale. More precisely, the pre-fire period runs from the beginning
of the year (January 1st) to the referenced fire date, and the post-fire
period extends from the fire date to several weeks, to ensure enough
cloud-free satellite images. A visual inspection then allows to manually
delineate a training zone of burnt and unburnt pixels for a random forest
classifier (Belgiu & Dragut, 2016). This step, which is not included in
current automatic methods, ensures fire-specific adjustments and visual
inspection to follow the international standards advocated by the CEOS
Working Group on Calibration and Validation of remote sensing datasets
(Franquesa et al., 2020).

We could map 1,762 fires between 1984 and 2022, for a total burnt
area of 532,238 ha. Most of the fires affected an area less than 100 ha (n
= 926), but accounted for only 46,310 ha, while the 74 fires > 1,500 ha
account for 240,059 ha.

2.4. Aboveground biomass data

To quantify forest carbon stocks exposed to fires, we first aimed at
obtaining the forest aboveground biomass (AGB) over France at a fine
resolution. We relied on the spatial classification of forest into 19 forest
classes (FC) (IGN: BD FORET, 2018) (Fig. 1) categorized by the national
forest inventory, taxonomically more or less precise. FC can indeed
correspond to one species (maritime pine, chestnut, poplar, ...), two
species (fir & spruce, Laricio pine & black pine), a genus or part of a

ational Fores( Invemory

Spatial
classification of Field piot
forest class
(FC)

Litterature
allometric relation
(allodb)

log(AGBE) — k.
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genus (pine, deciduous oak, evergreen oak), a phylum (conifer, decid-
uous) or a broader classification (mixed forest).

We then leveraged forest plot data from the national forest inventory
(IGN, 2018) since 2005 on more than 100,000 plots, which we grouped
to a corresponding FC. A plot is assigned to a forest class (FC) when at
least 75% of its trees match the class description. Thus, a plot can belong
to several FC. For example, a plot dominated by maritime pine species
corresponds to both ‘Maritime Pine’ and ‘Coniferous’ FCs. Plot data were
then used to construct a first allometric relation (Fig. 4). This allometry
predicts the Diameter at Breast Height (DBH) of a single tree as a
function of its height (H) for each forest class ¢ and is affected by the
parameter q.

DBH:M

(€]

The second allometric relation used in this study was derived from
the R ‘allodb’ package (Gonzalez-Akre et al., 2022). This package
compiles information from scientific literature on many taxa and bi-
omes. This relation estimates the biomass of a tree (AGBt) as a function
of its DBH (Eq. 2). For each FC, we selected the dominant species of the
corresponding plots to obtain this relationship.

AGBt ~ f.(DBH) )

The last allometric relationship was derived from plot data and
established the relationship between tree biomass (AGBt.) and sur-
rounding tree density (D.). We selected only plots corresponding to a
closed forest. Then, for each FC, we applied equation (2) to all in-
dividuals in the corresponding plots and calculated the plot's tree den-
sity (Eq. 3). This allowed us to extract the parameter k. influencing this
relationship, in accordance with the self-thinning rule (Puntieri, 1993).

Exposure (E) - AGBy

T log(D) =
w : AGBFAGB e 1
= DBH ~Tree Height AGByo.-DBH D-AGB,
U) FC-scale relation FC-scale relation FC-scale relation Tree cover (TC)
(@) a
o, DBH = — AGBt ~ f (DBH )
¢

n

Tree rgengohlt data DBH AGBy, AGByo5eq f

( ) AGB )4 F~AGB,"D )
- FC Mean Exposure
V =E*T-(R+ X AGB,_ +RR) RR,=AGB, - AGB, ,

=2

Climate,

Vulnerability (V)

Recovery rate (RR)

Recovery rate (RRp)

topgraphic,
species and
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specific
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drivers

VULNERABILITY

Resistance difference

Resistance (Ry)
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Figure 4. Processing chain of Exposure and Vulnerability assessment. Hexagonal boxes correspond to external input data. Round-edged rectangular boxes are re-
lations obtained between input data. Rectangular boxes correspond to values obtained from input data and relationships. DBH: Diameter at Breast Height, AGB:

Aboveground biomass, D: Tree density, RF: Random forest.
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log(AGBt) — k.
=—F 3

log(D)

These three relationships are then combined and applied to the fine
resolution vegetation height map (Schwartz et al., 2025) over France
following Eq. 4. This data has a resolution of 10 m and is derived from a
combination of optical (Sentinel-2), SAR (Sentinel-1) and aerial lidar
(GEDI) data (Dubayah et al., 2022). For each pixel (H,) of forest class ¢
with a height greater than 3m, we obtain the forest AGB (AGBf) by
multiplying the AGB of a tree (AGBt) by the tree density (D) (Eq. 4).

AGBf =f. (“j) 5105 @

We then estimated the aboveground biomass of forests throughout
the country. At this point, this biomass corresponds to closed forests
only. Consequently, we multiplied the biomass estimate by the value of
the forest cover to consider the openness of the forests (Copernicus Land
Monitoring Service, 2026). This information on aboveground forest
biomass (AGBf) will be further referred to as exposure (E) in the rest of
the study.

The aboveground biomass (AGB) layer obtained was not directly
validated here, as it is derived from the GEDI-based FORMS tree height
dataset (Schwartz et al., 2023). This product has been validated across
France using both airborne LiDAR acquisitions and extensive field in-
ventories, demonstrating high accuracy in forest canopy height
retrieval. The subsequent conversion from canopy height to AGB relies
on empirical allometric relationships calibrated with National Forest
Inventory (IFN) plots collected across France since 2005. These field
data provide ground-based reference for biomass estimation and ensure
consistency with national carbon stock assessments. Together, these
validated inputs ensure the reliability of the AGB data used as the
response variable in the following analysis.

To provide an objective assessment of value ranges and spatial pat-
terns, we compared our 10 m AGB map with three recent,
independently-produced AGB products that differ in spatial extent and
native resolution. Schwartz et al. (2023) is a national (France-wide)
product at 30 m, while Miettinen et al. (2025) and Santoro et al. (2026)

Table 1
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are pan-European products provided at 10 m and 20 m, respectively.
When necessary, products were reprojected and resampled to the 10 m
grid using nearest-neighbour resampling to preserve original values and
avoid smoothing artefacts. We then extracted a systematic sample of
100,000 co-located pixels within the common valid domain and
computed agreement metrics (RMSE, MAE and R?) between our map
and each comparison product.

2.5. Post-fire dynamic drivers of biomass recovery

To quantify the vulnerability of forest AGBf to fire at fine resolution
and including local variations, we identified and collected variables that
could function as drivers of post-fire biomass dynamics (Table 1). We
selected keystone variables as fire characteristics, climate, topography,
species, or other disturbance events. Except for fire-specific data, these
variables were collected and aggregated for the whole study area. We
then extracted those data for each AGB pixel with a resolution of ~10m.
Where data was available at a different resolution, resampling was
conducted using the nearest neighbor method, except for the Digital
Elevation Model data, for which a bilinear interpolation method was
used.

2.5.1. Fire characteristics

The burn date provided by the national fire inventory BDIFF was
used to obtain two variables: the month in which the fire occurred
(Month) and the time since the last fire (Time since fire). The latter cor-
responds to the duration, expressed in years, between the year of the fire
and 2020, the year to which the AGB exposure data corresponds to, and
was used as the recovery time. Month was used to evaluate how fire
seasonality could affect loss and regeneration (Tangney et al., 2022).
From fire polygons, Edge distance (in m) is computed with the R package
terra (Hijmans, 2025) as the distance between a burnt pixel and the
closest unburnt one to test how proximity to undisturbed forest could
fasten the recovery (Trang et al., 2023). We also computed time between
disturbances (in years) as minimum period between two successive fires
during the 1984-2020 period, as a critical period below which juvenile

Environmental and disturbance predictors used to model post-fire aboveground biomass vulnerability. 15 explanatory variables are included in the analysis, grouped
into fire characteristics, climate drivers, topographic variables, and species traits. Variables were resampled to the analysis grid before modelling and species-trait

values and their primary references are detailed in Table A1.

Category Variable Definition Units Native resolution Period Source (dataset)
Fi . . Y bet fi d 2020 (AGB . ) BDIFF d fi
ire . Time since fire ears between fire year an ( years event attribute fire year + mapped fire
characteristics reference year) polygons
h
Month Month of fire occurrence Erllmlltz) event attribute fire year BDIFF
Edge distance Distance from a burned pixel to nearest m derived from fire vear mapped fire polyeons
8 unburned pixel / fire edge polygon geometry Y PP polye
Severity (ANBR) Burn feverity index (difference NBR pre vs ‘Jnitless 30m fire year Landsat-based dNBR
post fire) index method
Time b Time b he focal fi h i Fi )§ E
Tme etween '1me etween.t e focal re' and the previous years event attribute since 1984 1.re polygons + European
disturbances disturbance (fire or other disturbance) disturbance map
Climate drivers Temperature mean Mean annual air temperature °C 0.1° (~9 km) 1984-2019  ERA5-Land
Precipitation mean Mean annual precipitation mm/yr 0.1° (~9 km) 1984-2019  ERA5-Land
Mini hti ity in fi -fi fi .1° E -Li PEI
SPEI min inimum drought intensity in first 5 post-fire SPET units cgmputed Tom 0 1984-2019 RA5-Land + S
years (6-month SPEI) climate method
T hi
O‘f:;i:ll)eslc Aspect Slope aspect (north-south exposure) degrees (°) 1 m DEM static RGE ALTI® DEM
C d t hic ind fi RGE ALTI® DEM + CTI
CTI o@poun opograP ic index (proxy for unitless 1 m DEM static . +
moisture accumulation) formulation
AWC Available water capacity (0-2 m soil depth) mm ~90 m static Soil AWC dataset
. . . . . . fi -cl. . Li ilati
Species traits Bark thickness Trait proxy for fire resistance cm a(greisbtuct;ss static ( ;:2;};1;‘16:;)3131 ation
. . - . . . proportion or  forest-class . Literature compilation
Resprouting ability Probability/ability of resprouting after fire % attribute static (See Table A1)
. . . T . ti f t-cl: . Literat ilati
Serotiny capacity Fraction of individuals/seed bank serotinous up/:opor ton or a(g:iiucteass static (;;r?;fﬁ EC:?)IPI ation
forest-class Literature compilation
Di 1 di Typical . 1 di .
ispersal distance ypical seed dispersal distance m attribute static (See Table A1)
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individuals might not have time to produce seeds and regenerate after
the fire (Ermitao et al., 2024; Koutsias et al., 2024; Mouillot et al., 2001).

In addition, the differential Normalized Burn Ratio (ANBR), has been
assembled as an index of Severity affecting vegetation dynamic (Cardil
et al., 2019; Koutsias et al., 2024). This index is obtained by comparing
pre- and post-fire spectral bands from Landsat 5, 7 and 8 missions. We
used the dNBR extraction method provided by (Parks et al., 2018) in
Google Earth Engine, to map the severity index over all the 1588 fires
before 2020 at a 30m resolution.

2.5.2. Climate

To consider the climatic impact on post-fire dynamics, we relied on
the ERA5-Land hourly reanalysis dataset (Hersbach et al., 2020). We
collected temperature at 2m and total precipitation data for the period
1984-2019. We computed the mean annual temperature (Temperature
mean MAT). We also extracted the mean annual precipitation (Precipi-
tation mean MAP). This information was obtained on each pixel of 0.1°
(~9 km) as an index of local productivity acknowledged to drive tree
rate of growth (Reich et al., 2014), species maintenance (Elvira et al.,
2026) and regeneration capacities (Baudena et al., 2020).

To investigate the effect of drought occurring in the first few years
after the fire, we computed a drought index on the same hourly climate
data. The selected drought index is the Standardized Precipitation-
Evapotranspiration Index computed with the R package SPEI
(Begueria et al., 2014; Vicente-Serrano et al., 2010), as a standard
flexible index previously used for post fire regeneration analysis (Andrus
et al., 2022, Viana-Soto et al., 2020). For each fire, we first calculated
monthly temperature and precipitation from the ERA5-LAND dataset.
Then we calculated the potential evapotranspiration value using the
function of Thornthwaite (1948) and the 6month-SPEI index over the
entire 1984-2019 period. Finally, we extracted the 6month-SPEI values
over the 5 years following the burn date (4 years for the 2019 fires) and
retained the lowest 6month-SPEI value (SPEI min) occurring during that
time frame following (Blanco-Rodriguez et al., 2023).

2.5.3. Topographic variables

We extracted topographic variables from a digital elevation model at
a resolution of 1m (RGE ALTI® | Géoservices, 2026). We extracted the
aspect (Aspect), expressed in degree (°) between 0 (North) and 180
(South) as a major local modifier of solar radiation and subsequent in-
formation as evapotranspiration and drought, or soil heat load (Liu
et al., 2022). Based on the DEM, we calculated the compound topo-
graphic index (CTI) (Sgrensen et al., 2006). This unitless index is used to
identify precipitation accumulation zones and as a proxy for soil mois-
ture in hillslopes, with a high CTI value corresponds to a valley floor,
while a low CTI value corresponds to a ridgeline, previously identified as
a significant driver of post-fire recovery (Holik et al., 2025). We also
leveraged Available Water Capacity (AWC) data (Roman Dobarco et al.,
2022). This variable corresponds to the amount of water a soil can
contain and be used by plants, and considered as a key variable driving
tree growth (Boncina et al., 2023; Schneider et al., 2021). This database
is provided at a resolution of ~90m and for a depth of 2m. As this data is
not available for Corsica, we set a value of 50 mm for this region, close to
the median value for southeastern France.

2.5.4. Species traits

To investigate the species-specific influence on post-fire dynamics,
we considered species by four fire-related functional traits and allowed
the species to be classified by their functional distance rather than a
category, and assuming functionally similar species have similar dy-
namic (Rocha et al., 2011). Trait values are taken from scientific liter-
ature and are presented in Table Al.

The first trait is the Bark thickness, expressed in centimeters. This trait
is considered as a proxy for the species’ resistance to fire (Pausas, 2015),
since sufficient bark thickness enables the individual to protect its hydric
system from high temperatures.
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The second trait is Resprouting ability, expressed as a percentage. FC
capable of resprouting hold dormant meristems, generally root meri-
stems, which can be activated after a fire to allow regrowth (Pausas
et al., 2018).

The third trait is the Serotiny capacity, expressed as a percentage.
Serotinous FCs, mostly pines, hold their seeds in cones whose opening is
triggered by high temperatures occurring during fires and allowing post
fire germination (Lamont et al., 2020).

The fourth trait is Dispersal Distance, expressed in meters. This trait
corresponds to the average distance at which a species can disperse its
seeds and can colonize a burned area from external individuals (Costa
et al., 2025). It depends on seed size and dispersal mode (anemochory,
zoochory, aquachory, etc.) (Lososova et al., 2023).

2.5.5. Data filtering

To perform our forest recovery analysis after fire disturbance, we had
to ensure that the burnt pixels corresponded to the latest disturbance, by
confronting our fire data with the European forest disturbance map
(Senf & Seidl, 2020b) assembling all disturbances affecting European
forests (insect attacks, clear-cutting, etc.). We have thus retained only
the burnt pixels of our polygons with a date more recent or equal to that
present in this European disturbance map. For each burnt pixel, we
extracted the period between the date of the fire and the date of the last
disturbance, either from the European disturbance map or from a pre-
vious burnt pixel (Time between disturbance). When disturbance recur-
rence was absent, i.e., no fire or other disturbance had preceded the fire
since 1984, we set the 'time between disturbance' variable at 100 years.

Out of the 462.472 ha burnt from our fire history reconstruction from
1984 to 2019, we have retained only those pixels belonging to one of the
19 FCs and not subsequently disturbed. In the end, 126,336 ha were
retained for the study of post-fire forest dynamics.

2.6. Temporal biomass dynamics modelling

A Random Forest regression model was built to predict forest AGB
from explanatory variables. This model was built upon the 15 topo-
graphical, climatic, species trait and fire characteristics variables
mentioned above. The central variable in this analysis is the time since
last fire, enabling us to simulate the post-fire temporal dynamics of
biomass. The model was built using the R package ‘ranger’ (Wright and
Ziegler, 2017) and is based on the individual burnt pixels, i.e., 11,485,
138 observations. To balance predictive accuracy with computational
efficiency, we manually tested several combinations of Random Forest
parameters (mtry, min.node.size, and num.trees) on representative
subsets of the dataset. The final configuration (num.trees = 500, mtry =
3, min.node.size = 5) provided the best compromise between accuracy,
measured by the root mean square error (RMSE), and processing time.
This balance was crucial given that the model was trained and applied at
a 10 m spatial resolution across the entire French territory for multiple
time steps. This dataset was divided into a 90/10 ratio so that the first
part was used to train the model and the second to test its accuracy,
which still ensured more than one million independent observations for
model evaluation. Model performance was evaluated on the 10 % in-
dependent test dataset using the coefficient of determination (R?) and
the root mean square error (RMSE), computed as:

n

1 _
RMSE = /=3 (y; = ¥1)°

i=1

where y;and y;denote observed and predicted AGB values, respectively,
and nis the number of observations.

The model was applied to the test dataset and compared with
biomass observations to estimate its performance. We extracted the R?
reflecting the difference between estimated and observed biomass
values. In turn, we extracted the partial (marginal) dependence curves
from the Random Forest model for each of the 15 explanatory variables,
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describing the isolated average effect of each variable on predicted AGB
while holding all others constant. To make a visual comparison of each
variable, we scaled these values so that the minimum value predicted by
the variable is equal to 0.

This biomass estimation model as a function of time since last fire
was then used to map forest vulnerability across France. To achieve this,
we applied our model to explanatory variables for different time steps
since the last fire. More specifically, we applied our model with a time
since last fire equals to 1, 5, 10, 15, 20, 25, 30 and 35 years. For each
time step, topography, species and mean climate were kept constant. For
disturbance-related variables, we fixed the averaged values to provide a
homogeneous vulnerability map to a mean similar fire event, rather than
to local fire regimes. We set the month of July, as it corresponds to the
largest burnt surface in the training set, the distance to the edge at 300m
to avoid an edge effect and to consider a fire of at least 20ha, the severity
(dNBR) at 300 to consider a fire of moderate severity and a time between
disturbances equal to 100 years to remove the effect of disturbance
recurrence. The last variable to be set was the effect of drought following
fire (SPEI min), which we set to 0 to account for mean drought
conditions.

For the first time step (t=1) we simulated ABG with two different
climate inputs to assess forest resistance: one with the actual average
climate gradient (RF, in Fig. 4) and one where we set all pixel climate at
the same median climate conditions of the training dataset (RFp in
Fig. 4). Using this median climate over the national territory makes sure
that resistance is assessed for fire prone climate conditions, rarely
occurring in the northern part of the country. Resistance for these two
climate scenario Ry and Rp correspond to the ABG at time t=1. Recovery
Rate (RRa) was estimated by the yearly increase of ABG over time with
average climate conditions (RFa). The actual recovery rate (RR) was
finally obtained by rescaling RRa to the ratio between biomass losses
between scenario A and B, as AGBy-R4 and AGBy-Rp. This corresponds to
running a scenario in which the whole of France burns under the con-
ditions observed under fire-prone conditions and recovering over 35
years under average conditions.

Since our model simulates the dynamic of an average forest based on
explanatory variables and might omit some local environmental het-
erogeneity, we finally corrected the model's output values according to
initial exposure (remotely sensed biomass). More precisely, we extracted
the ratio between the exposure of each pixel and the average biomass of
its FC. We then multiplied the model's predicted biomass by this ratio to
consider the local deviation between the simulated biomass of a given
pixel and the average biomass of the FC.

3. Results
3.1. AGB map

Our first result was to develop a map of the forest AGB throughout
France for the year 2019, based on tree height data and field data
(Fig. 5), to be used as a biomass exposure map to fire. At the national
level, AGB varies significantly across FC and along the climate gradient.
AGB is the highest in the north of the country, in temperate forests, with
an average value of 110.9 tDM/ha (DM: dry matter) and reaching values
above 250tDM/ha. In the south, in Mediterranean forests, biomass is
much lower, with an average value of 32.0 tDM/ha and mostly varying
between 30 and 80 t/ha. In the southwest, in the intensively managed
Landes forest, biomass density is also low, with an average of 53.4 tDM/
ha.

Our biomass estimation method enabled us to capture differences in
biomass density among species—an outcome not achievable with tree
height data alone. Temperate broadleaf species (beech, deciduous oak,
fir, spruce) experience high biomass densities with, for example, the
average values of beech (deciduous oak or fir and spruce, reaching
respectively 134.8 tDM/ha, 108.8 tDM/ha, and 125 tDM/ha. Mediter-
ranean species have much lower biomass densities, with on average 52.7
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tDM/ha for evergreen oak or 30.7 tDM/ha for aleppo pine, due to the
openness of the forest. Overall, pines experience low biomass densities
from an average value of 27 tDM/ha for the “other pine” class to 71.6
tDM/ha for the “Mountain pine, Swiss pine” class. The dispersion of AGB
values is lower for FCs composed of a single species than for those
composed of a large group such as "Broadleaf" or "Needle leaf".

We also observed that the relation between AGB and tree height
differs between forest classes (Fig. 6). While Schwartz et al (2023)
consider a single relationship, being only different between needle leaf
and broadleaf, we obtained more species-specific information. For
example, although evergreen oaks reach heights of only 10m, their
biomass density is higher than other broadleaf for a given height. Pop-
lars, on the other hand, show a lower biomass density. For example,
evergreen oaks show a density of 100 t/ha for a height of 11m, whereas
this density is reached for trees of around 25m for poplars. Schwartz et al
(2023) proposed a single density of 100t/ha for a height of 15m,
regardless of the broadleaf species considered. We also note that needle
leaf classes generally have lower biomasses than broadleaf relative to
their height. Our biomass estimate for these FCs is lower overall than
that of Schwartz et al. (2023), except for the Mountain Pine, Swiss Pine
class.

To further assess the plausibility of the spatial patterns and magni-
tude of our AGB estimates, we compared our 10 m AGB map with three
independent AGB products available over France (Fig. 7). At the pixel
scale (100,000 co-located samples over the common valid domain), our
map shows the strongest agreement with Schwartz et al (2023) (R? =
0.82; RMSE = 42.23 t/ha; MAE = 30.50 t/ha), consistent with the fact
that both approaches rely on the same canopy height information over
France. Agreement with the two pan-European products is lower
(Miettinen et al., 2025: R? = 0.25; RMSE = 73.94 t/ha; Santoro et al.,
2026: R2 = 0.22; RMSE = 67.67 t/ha), and these products generally
display smoother spatial patterns and lower local maxima in high-
biomass stands. In contrast, our product retains finer spatial texture at
10 m and reaches higher AGB values in dense temperate forests, which
likely reflects the use of forest-class-specific allometries calibrated for
French forest conditions rather than generalized relationships fitted at
continental scale.

3.2. Post-fire dynamic of biomass

Based on the forest biomass exposure map previously produced, we
could process a space-for-time analysis and model post fire recovery as a
function of time since last fire and other contributive variables (Fig. 8
and A2). Among the different types of biomass recovery drivers, fire-
related characteristics have a significant effect on post-fire biomass
(Fig. 8, red graphs). Time since last fire, the central variable in our
analysis, appears to positively correlate with predicted AGB, confirming
the actual biomass recovery across time. The average effect of the var-
iable predicts a difference in biomass (AAGB) of 14.5 t/ha between year
1 and 35 after the fire. We additionally identified here that the month of
fire occurrence has a non-linear relationship with the predicted AGB.
Summer fires (June, July, and August) tend to promote lower biomass
than fires burning during the rest of the year (d{AGB=4.18 t/ha). May,
September, and October fires also promote lower biomass than winter
and spring fires (AAGB=3.7 t/ha), although higher than summer fires
(dAGB=1.7 t/ha). we could also show that the distance to the edge
shows a strong negative effect on the predicted AGB: the distance of the
burnt pixel from the edge of the fire results in a reduced predicted AGB
(between 0 and 300m, dAGB=9.8 t/ha). Severity and fire return in-
tervals seem to show a slightly negative effect on AGB: dAGB=2.4 t/ha
between DNBR 0 and 200 and dAGB = 2.8 t/ha between a succession of
two disturbances at 1 and 100 years.

Climatic conditions in the burnt pixel act as strong drivers of post-fire
biomass dynamics. Firstly, rainfall has a strong positive effect on the
predicted AGB: an increase of 30.4t/ha is observed between an average
annual precipitation of 600 mm and one of 1300 mm. Mean annual
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Fig. 5. Map of aboveground biomass (AGB) of forests in France. On the bottom, local snapshots showing the fine resolution (~10m) of the pixels. For better
visualization, the data were resampled to 500m resolution for the national map.
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Figure 7. Intercomparison of the AGB map developed in this study with independent biomass products. Top row: zoom-in snapshots of aboveground biomass density
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are reported for each comparison.

temperature negatively affects predicted AGB, with a dAGB of 6.3 t/ha
between mean annual temperatures of 10 °C and 15 °C. The occurrence
of drought years following the 5 years of fire also acts as significant
effect on the predicted AGB. A difference of 4.6 t/ha is observed between
a burnt pixel that experienced a severe drought (SPEI=-2.5) and one that
did not (SPEI=0).

Species traits also play an important role in predicted AGB. Bark
thickness shows a positive effect with, for example, a dAGB of 6.6 t/ha
between a trait value of 1 and 3. Note that the average predicted AGB
around a bark thickness of 2 is lower. Ability to resprout has a strong
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positive effect on predicted AGB, with a dAGB of 18t/ha between trait
values of 0 and 0.8. Conversely, serotiny does not have a major effect on
predicted AGB. Surprisingly, dispersal distance negatively affects pre-
dicted AGB, showing a dAGB of 10.9 t/ha between trait values of 20 and
100. This can be explained on the one hand by the fact that the strategy
associated with high dispersal distance corresponds to the landscape
tolerator, a strategy that emerges over longer timescales and thus may
not be captured within our 35-year study window. On the other hand,
species with short dispersal distances are those with heavier seeds and
higher mean intrinsic biomass than species with long dispersal
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Fig 8. Partial (marginal) dependence curves of each explanatory variable on predicted aboveground biomass (AGB), derived from the Random Forest model. The
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distances.

Topographical variables were finally identified as significant con-
tributors on predicted AGB. Aspect has a significant negative effect, with
north-facing slopes (0°) experiencing higher AGB (dAGB=10.3 t/ha)
than the south-facing slopes (180°). In addition, CTI had a significant
positive effect with pixels located on the valley floor (CTI=5) showing a
higher AGB (dAGB=4.6 t/ha) than pixels on the ridgeline (CTI=-5).
Finally, AWC shows a weak positive effect with a dAGB of 3.6 t/ha be-
tween an AWC of 0 and 100.

Our Random Forest model overall performed well in predicting AGB,
with a correlation between observed and predicted values reaching an
R? of 0.77 (Fig. A1) and an average magnitude or prediction errors of
17.8t/ha (RMSE).

3.3. Forest vulnerability mapping

Based on our random forest model, we could simulate a 40year time
series of forest biomass post fire recovery accounting for climatic, spe-
cies, and topographic drivers at the national level, from which we
derived an objective and quantitative assessment of forest biomass
vulnerability to fire at fine resolution (~10m) across France (Fig. 9). We
observed from our results a higher biomass vulnerability in temperate
forests, particularly in the northeast, with an average value of 3074 t.ha-
1.yr and with values ranging from 2,000 to over 5,000 t.ha-1.yr. This is
due first and foremost to the high level of exposure. Indeed, a high initial
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biomass value potentially leads to high vulnerability according to our
index. However, it is also due to an overall lack of resistance and re-
covery of temperate systems to fire, further increasing vulnerability.
Local variability can be observed in temperate forests. Valley bottoms
and riverbanks show lower vulnerability, due to the greater resistance of
forests to high temperatures during fires. Some forest areas, such as
Scots pine forests, also show lower relative vulnerability, thanks in
particular to their greater capacity to recover.

The Atlantic pine forest shows a much lower vulnerability than the
temperate forest, with an average of 1368 t.ha-1.yr and most values
ranging from 800 to 2000 t.ha.yr-1. This is due to the lower exposure
and higher recovery capacity of maritime pines. Lastly, Mediterranean
forests have a low vulnerability to wildfire with an average value of 731
t.ha-1.yr and most values between 400 and 1200 t.ha-1.yr. Evergreen
oak forests, mainly in the west, show a high capacity for resistance and
recovery, while Aleppo pine forest show a high capacity for recovery.
Mediterranean forests have all the characteristics required for reduced
vulnerability: relatively low exposure, high resistance, and strong
recovery.

4. Discussion
4.1. Fire-induced carbon stock loss and recovery

As a first step forward and key result of our study, we could propose a
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Figure 9. Forest fire vulnerability map. Values correspond to the absence of exposed biomass missing over 35 years. Vulnerability depends on forest exposure,
resistance, and recovery. On the bottom, a representation of the vulnerability of three pixels (~10m) as an example. For better visualization, the data were resampled

to 500m resolution for the national map.

revised aboveground carbon stock at the national territory level by
leveraging the newly delivered GEDI-based tree height FORMS dataset
(Schwartz et al., 2023). We estimated mean AGB of 32.0 t/ha for the
mediterranean region, 53.4t/ha for the Atlantic forest and 110.9t/ha for
the temperate forests, in accordance with the recent European forest
inventory synthesis (Avitabile et al., 2024). Biomass mapping has long
been challenging and leading to potential discrepancies (Avitabile &
Camia, 2018), but the recently delivered tree height data could reduce
this uncertainty and drastically increase the resolution. Yet, the various
processing chains of GEDI data can lead to remaining uncertainties and
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discrepancies between global biomass datasets (Besic et al., 2024). Still,
this new information offers the opportunity to better characterize
wildfires by the exposure of assets in forest ecosystems. Based on this
information, reports and media coverage of wildfire seasons can now be
better contextualized in terms of disaster and biomass exposed to the
disturbance. For instance, Vallet et al. (2023) could identify the
distinctiveness of the extreme year 2022 not only based on its unusual
burned area, but also by the averaged higher biomass exposed when
affecting the northern part of the country, a relevant information, which
could lie aside the cost (Meier et al., 2023) or population smoke
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exposure (Xu et al., 2023) as an index of impacts to better characterize
reported fire events.

More particularly, our study could reach a wildfire impact assess-
ment at fine resolution by quantifying the territorial variability of forest
resistance to wildfires and thus estimating the actual loss. We state here
that for a similar biomass exposed, some more resistant species are less
impacted. This resistance has long been recognized as primarily a
function of a species’ coping capacity from its biological traits (Dupire
et al., 2019; Moris et al., 2022; Pausas, 2004; Rodman et al., 2021),
although also affected by fire intensity (Trouve et al., 2021), climate
(Cansler et al., 2024) and topographic conditions (Holik et al., 2025).
We provided a data-driven estimate of carbon stock loss at the national
level, based on exposed biomass and post-fire biomass remaining one
year after the fire as an index of resistance. This information is hardly yet
referenced in forest inventories, although of increasing concern as
initiated for the US (Cansler et al., 2020). A key strength of our study is
that it does not rely on a priori assumptions of resistance driven by plant
traits but delivers a truly investigated index through the pre- and
post-fire biomass. Species traits, used to classify our species rather than
their taxon, appeared as a significant explanatory variable mostly
through regeneration strategies (seeders or resprouters), thus strength-
ening our results that the observed biomass dynamic was related to their
post-fire regeneration traits. We obtained a national map of carbon stock
loss, correlated to pre-fire exposure as it is a fraction of the available
biomass, but we could more particularly generate local variations driven
by species functions, climate, and topographical features.

The main strength of our methodological development relies on the
post-fire recovery assessment. A direct assessment would ideally require
long-term observations of tree growth following a fire event to build a
proper recovery, a target soon achievable with progresses in tree height
time series delivery, yet covering only few years (Schwartz et al., 2025).
Under the current absence of fine resolution time series of biomass dy-
namics, we relied on a space-for-time recovery assessment. We face the
technical issue that temperate forests of northern France are only
affected by significant fires during extreme fire weathers as during the
recent years 2022 (Vallet et al., 2023), 2016 or 2003 (Curt & Frejaville,
2018), making the sample number discontinuous in time and insuffi-
cient for long-term reconstructions. We could compensate for this data
gap by assembling species according to their fire response traits as a
major tool in ecological modelling (Li et al., 2021). In turn, similar
species could be used as a surrogate to reconstruct species biomass dy-
namic when historical fires were too sparse for a given species. We also
faced the critical issue that direct assessments of recovery according to
time since last fire could be affected by other disturbances and man-
agement practices as tree loss by logging (Ceccherini et al., 2020; Pel-
lissier-Tanon et al., 2024). We filtered out these practices by using global
tree loss data as detected by Hansen et al. (2013) or Senf and Seidl
(2020Db) to focus on fire disturbance only.

By removing other disturbances with the EU disturbance map, we
removed any side effect of post-fire clear clutting. Yet, post fire forest
plantation, along with restoration management practices (contour-felled
log debris (CFD), log erosion barriers area (LEB) (Lucas-Borja et al.,
2021; Moreira et al., 2012) might positively affect recovery rate or
disturb soils and resprouting abilities (Jouy et al., 2025). Precise map-
ping and referencing of these management strategy implementations are
however actually lacking. Surrogates for this information could inte-
grate accessibility and topography for mapping forest management op-
portunities (Hengeveld et al., 2012; Neidermeier et al., 2023) as used in
the EU fire risk mapping (Arrogante-Funes et al., 2024). This informa-
tion has been refined at the national scale over France with forest
accessibility (Dupire et al., 2015) and forest property (private or na-
tional) mapping (IFN) potentially driving managementy strategies. Yet,
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this information remains theoretically related to effective management
plans and could bring more uncertainties than response function.

Based on this thorough method, we could reach substantially
important quantitative assessment of post fire resistance and recovery
for forest management policies and national carbon inventories
including fire impact beyond emissions from combustion (Bowman
et al., 2023). For instance, we could distinguish between fast recovery
(within 35 years) mostly occurring in Mediterranean and Landes forests,
and slower recovery in temperate forests, which often exceeds this
period. This time frame of 35 years falls within the management plan-
ning strategy for carbon emission reduction plans to identify recovering
and non-recovering areas, as keystone information for national carbon
inventories and policy strategies (Cano et al., 2022; Chu et al., 2023).
This recovery from past fires, with a decreasing trend in burned area
since the end of the 1980’s, might contribute to the currently observed
increase in the growing stock of French forests (Bontemps et al., 2020),
as evidenced for Canada through process-based modelling (Yue et al.,
2013). A comparison between fire and logging impacts on carbon stock
recovery should be assessed to better investigate how fires might more
importantly jeopardize the forest carbon budget relative to commercial
logging (Wilson et al., 2021).

4.2. Environmental drivers of forest vulnerability to fire

Our approach, using fine resolution datasets, could identify local
modifiers of carbon stock vulnerability to fire, thus providing fine res-
olution impact assessment for post fire landscape management. As a
dominant driver, regional climate based on mean annual temperature
and precipitation revealed the higher post-fire biomass under colder and
wetter conditions. This result is in agreement with previous results on
post-fire recovery (Andrus et al., 2022; Baudena et al., 2020; Blanco-
Rodriguez et al., 2023; Casady et al., 2010; Lippok et al., 2013; Spatola
et al., 2023) and observed forest growth (Jevsenak et al., 2024; Pel-
lissier-Tanon et al., 2024). Reduced precipitations during the summer
season induces prolonged and earlier drought, which, combined with
temperature-driven growth onset, highly constrains tree growth in
mediterranean and temperate forests (Delpierre et al., 2016; Lempereur
et al., 2017) Increasing drought and higher temperature from climate
change might then alter the currently observed forest recovery (Tepley
et al., 2017). In addition, we could identify that the interannual climate
variations, and particularly drought during the 5 years after fires, might
significantly alter post fire regeneration, (Harvey et al., 2016; Hérault &
Piponiot, 2018; Meng et al., 2015; Viana-Soto et al., 2020), particularly
for seeders whose germination (Chamorro et al., 2017) and seedling
survival are affected by drought (Parra & Moreno, 2018). This results
points out the potential enhanced effects of extreme years in promoting
large fire events and limiting post-fire regrowth as a response to extreme
and prolonged drought (Turco et al., 2017), so that climate change
impacts on future fire risk should combine climate impact on fire hazard
and subsequent climate affecting recovery (Akter et al., 2024).

We could also capture that the macroscale negative climate impacts
on post-fire regrowth are potentially locally enhanced in south-facing
slopes. This topographic position with more intense solar radiation
and potential evapotranspiration affects forest functioning (Druel et al.,
2025), seed production (Kemp et al., 2019), and post-fire regeneration
through microclimatic heat and drought stress (Jung et al., 2023;
Wooten et al., 2022). Shallow soils (ridge tops and low soil water
retention potentials) were also identified as a significant driver affecting
post-fire regeneration (Jouy et al., 2025), tree growth through earlier
drought onset (Zribi et al., 2016). Assembled together, microscale topo-
edaphic conditions appear as a keystone driver of overall recovery rate
and post fire management (Chen et al., 2022; Ireland and Petropoulos,
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2015; Johnstone et al., 2010; Nelson et al., 2014; Wittenberg et al.,
2007). Under these local topo-edaphic conditions, drought features as
duration or intensity have been shown to be more severe (Ruffault et al.,
2013) and affect fire prone vegetation dynamic (Mouillot et al., 2005),
and might be enhanced in the future with reduction in precipitation and
increased temperatures (Ruffault et al., 2014).

We finally showed that fire types might play an important role in tree
recovery. Fire severity, remotely sensed from the dNBR index, was not
identified as a strong driver of biomass recovery in our study compared
to previously reported investigations (Casady et al., 2010; Fernandez-
Guisuraga et al., 2022; Ireland and Petropoulos, 2015; Lv et al., 2025;
Maringer et al.,, 2016; Meng et al., 2015; Viana-Soto et al., 2020).
However we could confirm that shorter fire return interval and further
distance to unburned patches significantly reduce post fire recovery as
stated in local studies (Andrus et al., 2022; Braziunas et al., 2023; Diaz-
Delgado et al., 2002; Harvey et al., 2016; Trang et al., 2023; Wittenberg
et al.,, 2007). This result actually supports the vital attributes model
(Noble & Slatyer, 1980) where a critical period between two successive
fires is required for most seeder tree species to reach maturity and
produce viable seeds for regeneration as Pinus halepensis (Rezgui et al.,
2024), and a closer distance to the seed source (Christopoulou et al.,
2014) favors regeneration and post fire vegetation dynamic (Mouillot
et al., 2005). We could also point out that the season during which the
fire occurs influences post-fire biomass growth. Early spring fires tend to
enhance biomass regrowth (Kemp et al., 2019; Calvo et al., 1992),
potentially with spring rainfalls allowing for enhanced seedling early-
stage survival when compared to reduced seedling emergence during
the summer dry season (Manela et al., 2022) Summer high temperatures
have indeed been acknowledged to reduce seed germination (Tangney
et al., 2020), as well as prolonged drought (Salesa et al., 2022), thus
providing credit to out-of-season prescribed burning as a management
tool (Fernandez-Guisuraga and Fernandes, 2024). However, more recent
studies also suggest that out of season fires (i.e., outside the summer
season) might alter their post fire seed germination adapted to the fire
regime they have evolved with (Miller et al., 2021; Tangney et al.,
2022).

4.3. Uncertainties and improvements

We could apply our space-for-time framework based on the
achievement of a thoroughly visually checked Landsat-based burned
area reconstruction since 1984 for 1762 fires larger than 20ha. Each fire
was dated using the national fire database BDIFF, which covers the
period from 2006 to the present over the whole national territory and
since 1973 for the mediterranean part. We completed this database with
71 fires from text mining. This database is not exhaustive, and some
small fires are still omitted. Systematic and automated Landsat pro-
cessing are available, as for US (Hawbaker et al., 2020) or Europe (Senf
& Seidl, 2020), but remain subject to uncertainties, including commis-
sion errors up to 14.6% and 41%, which could have compromised our
analysis of recovery dynamic and add uncertainty in the distance to fire
edges. In addition, Landsat-based burn dates cannot be provided and the
uncertainty on the identification of burning years can reach up to 3 years
in 77% of fire events (Senf and Seidl, 2020). This is a significant limi-
tation, as our framework depends on accurate estimates of time since the
last fire and includes the seasonal impact and post-fire drought as a
driving factor requiring daily (or monthly) dating, and which appeared
as significant contributors to the post-fire dynamics. We then relied on a
semi-automated approach ensuring 0% commission error and precise
daily timing based on official reports. Over 2006-2020, we captured
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97.6% of fires larger than 50 ha, and 58.1% over 20ha, in the range of
omission error from automated methods (19% to 32%). We could cover
a time frame of 37 years, which might be too short for the full recovery
of some species, but constitutes the most policy-relevant time-frame
aligning with the Paris agreement goal to reach net-zero emissions by
mid-century (Noon et al., 2021). We can deplore few significant fire
events in the temperate sylvo-eco-region since 1984, inherent to the low
fire hazard in this biome and small fires, leading to gaps in the post-fire
recovery for some species. We balanced this data gap by using a trait-
based approach and training the recovery of insufficiently burned spe-
cies by their functionally most similar species. Further efforts should be
devoted to automated or systematic referencing of fire events including
fires smaller than 20ha (Kouachi et al., 2024; Majdalani et al., 2022).
Processing landsat1-MSS for the 1974-1984 period could extend the
recovery assessment by 10 years and better capture long-term recoveries
only partially assessed in our study (Diaz-Delgado et al., 2004; Skakun
et al., 2024).

Regarding biomass estimates, Schwartz et al. (2023) delivered a
biomass information derived from tree height (FORMS) based on
broadleaves and needle leaves tree height/biomass relationships over
France. We developed here more species-specific relationship revised
from Vallet et al. (2023) accounting for the varying wood densities
across the mediterranean to temperate and Alpine bioclimate covering
France. Uncertainties remain significant, but still below local or
species-specific variabilities. To date, FORMS remains the most suitable
tree height data for France compared to global datasets (Schwartz et al.
(2023)). Ongoing progress in remote sensing would deliver in the near
future fine resolution tree species mapping (Bolyn et al., 2022), better
accounting for individual tree species with burned patches more accu-
rately than our forest community-based approach. Similarly, we esti-
mated species resistance by comparing unburned forests biomass to the
biomass observed one year after fire events, thus only considering the
fires of the year 2019 for tree height data only available for the year
2020 and extrapolated by our random forest algorithm for species not
being affected during that year. The now available time series of GEDI
data can provide yearly assessment of fire impacts on tree density and
tree height (Guerra-Hernandez et al., 2024), and in turn species resis-
tance, that should be further analyzed to refine our findings.

The space-for-time substitution method used in our study for
assessing forest carbon stocks resistance and recovery relies on the
GEDI-based fine resolution tree height data recently released at the
national level in France for the year 2020 (Schwartz et al., 2023).
Alternative strategies for space-for-time forest recovery analysis may
rely on forest inventories (Kashian et al., 2013; Palviainen et al., 2020;
Wilson et al., 2021), using few plots per selected fire. French National
Forest Inventory provides tree height and volume over 31600 plots at
1km resolution over forested areas (IGN, 2018). Using these data could
have been an alternative methodological approach as performed by
Pellissier-Tanon et al. (2024) for northern France, although considerably
reducing the number of environmental conditions that would have
altered the robustness of the identification of local drivers affecting
post-fire biomass dynamics. Other alternative approaches performed
dynamic post-fire recovery on tree height and biomass leveraging GEDI
data (only available since 2016) and interpolating backwards in time
this information with Landsat composite-GEDI relationships reaching R?
varying between 0.51 and 0.74 and RMSE varying between 24% and
36% (Turubanova et al., 2023; Viana-Soto et al., 2022). We based our
space for time analysis with a constant climate as some studies illustrate
low temporal changes in tree growth change over the last decades in
Europe. This was illustrated for Scot Pine over Europe and France by
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Pretzsch et al. (2023), although some other studies could conclude on a
20%-30% decrease for Beech forests productivity (Martinez Del Castillo
et al., 2022). Similarly, at the national level, Hertzog et al. (2025) could
actually identify a turning in forest productivity over the 1978-2023
period, based on the national forest inventory, with stable to
quadratic trends over most of the temperate forests, and linear decline
by 20 to 30% over the mediterranean climate. This decline can be
related to an earlier drought onset observed over the region (Ruffault
et al., 2013) and controlling tree basal area increment (Lempereur et al.,
2017), although compensated by earlier start of the growing season with
higher winter temperatures. Regarding these divergent species re-
sponses and mechanistic processes hardly integrated in statistical
models, we thus considered the climate gradient response only, and
skipped this complex climate responses varying across time. We
acknowledge the potentially weak predictive value of this space for time
approach as stated by Perret et al. (2024), that could be refined in
further studies.

4.4. Applications and perspectives

Our study providing territorial-scale fire effects on tree biomass loss
and recovery could finally pave the way for assessing economic losses
from timber prices (Sweeney et al., 2023) or animal biodiversity based
on habitat description based on tree height (Kebrle et al., 2021; Komlos
et al., 2024) and landscape pattern (Bonthoux et al., 2018; Brotons et al.,
2005). Combined with fine resolution fire hazard mapping from statis-
tical (Pimont et al., 2021; Trucchia et al., 2023) or process-based fire
spread modeling (Salis et al., 2023) would provide the full scheme for
fire risk assessment (Chuvieco et al., 2023). Accounting for post-fire
dead tree dynamics and soil carbon should be further considered for a
full carbon vulnerability assessment. For example, Reilly et al. (2023)
illustrated the delayed post fire mortality from dNBR time series anal-
ysis, and Putman et al. (2018) could provide standing dead tree struc-
tural loss, two key components not accounted for in our approach. Soil
carbon combustion and recovery remain the main challenge to date
(Cheng et al., 2023), yet potentially contributing significantly to fire
emissions in temperate forest as evidenced by Vallet et al. (2025) over
France. Hardly detected from remote sensing over large areas,
combining remote sensing, field observations and modelling approaches
(Hu et al., 2023) should be a targeted research opportunity, including
peatlands depth loss during fire events and recovery from fine resolution
airborne lidar (Chasmer et al., 2017).

Our modeling framework, providing forest biomass as a function of
time, includes the key drivers of fire season and distance to fire edge
(that increase with fire size), with enhanced recovery for spring and
small fires. These results constitute a keystone information available at
the national level demonstrating how smaller fires occurring outside the
natural summer fire season could sustain higher forest resilience. This
would support the current directives and EU policies in promoting in-
tegrated fire management (Oliveras Menor et al., 2025) and nature-
based solution (Domingos et al., 2025) for limiting fire hazards and its
impacts (Plana et al., 2024), with, among others, prescribed burning
proposed as an efficient management tool (Fernandes, 2015; Fernandes
et al., 2013; Hunter & Robles, 2020; Pacheco & Claro, 2021). These fires
are typically conducted in early spring, when fire weather conditions are
less hazardous, preventing escaped fires over large areas (Neidermeier
et al., 2023). Delivering this knowledge about forest resilience to fire
would help forest stakeholders and societies to better acknowledge the
benefits of prescribed burning beyond the fear trap (Castellnou et al.,
2019) and toward a better societal awareness (Kreuter et al., 2025)
removing acceptance barriers currently encountered (Smithwick et al.,
2024).

Combined with spatially-explicit process-based models used to assess
prescribed fire impacts on subsequent wildfire hazard (Pinol et al.,
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2005), our framework can quantitatively assess their effects on carbon
stock loss and recovery compared to wildfire. This could be used as an
efficient tool guiding future policies under climate change and subse-
quent forest species change (Dyderski et al., 2018) or fire regime shifts
(Galizia et al., 2023).

Our mapping of forest carbon stock vulnerability to fires finally
questions future strategies for targeted fire management and protection
zones. Protected areas experience more natural fire ignitions and burned
area (Arellano-del-Verbo et al., 2023; Resco De Dios et al., 2025a,b;
Cardil et al., 2026), and fire exclusion zones tend to promote fuel build
up and degrade resistance and resilience forest species communities
(Hagmann et al., 2022), thus jeopardizing these criteria for an inclusion
in the decision process for new or readjusted protected areas. Forest
carbon storage and ecological structure based on fine resolution tree
height and biomass (Liang et al., 2023), associated to their vulnerability
to fires as provided by our study could play a significant role in revealing
current gaps and new opportunities for protected areas (Mouillot et al.,
2024).

5. Conclusion

We leveraged newly delivered Landsat-based fire history recon-
struction over the 1984-2020 period and fine resolution tree height
datasets to propose an objective and data-driven quantification of car-
bon loss, and recovery in forested ecosystems over the France national
territory. By combining biomass assessment from tree height, local
forest inventories for the year 2020 and forest species similarities from
fire-related functional traits, we could propose a space-for-time meth-
odology to reconstruct biomass dynamics since the last fire. Our results
provide a quantitative high-resolution map of forest vulnerability to
wildfires, illustrating national-scale heterogeneity that can nuance
conclusions based solely on annual burned area extremes. We also
identified local constraints as slope orientation, soil available water
capacity and local climate or post fire drought events, as well as fire
types and seasonality, which are key drivers of aboveground forest
carbon stock vulnerability. These results bring a keystone fine resolution
information for local decision making on forest protection, firefighting
strategies or implementation of new strategic policies toward integrated
fire management strategies, including prescribed burnings replacing
summer large fires by smaller spring fires enhancing forest recovery.
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Appendix A. Appendix

Table Al

: Functional trait values used in the post-fire biomass estimation model: BA: Bark thickness, RA: Resprouting ability, SC: Serotiny capacity, SD :Seed dispersal. 1:
(Restor, 2026), 2:(Yilmaz et al., 2021), 3:(Schworer et al., 2014), 4:(Tavsanoglu & Pausas, 2018), 5: (Catry et al., 2013), 6:(Kiihn et al., 2004), 7:(Rosell, 2016), 8:(Lojo
et al., 2021), 9:(Pausas et al., 2016), 10:(Stone, 2009), 11:(Saulino et al., 2023), 12:(He et al., 2012), 13:(Wirth & Lichstein, 2009), 14:(Pellegrini et al., 2017), 15:
(Chiriaco et al., 2013), 16:(Mauri et al., 2022)

Forest class Bark thickness Resprouting ability Serotiny capacity Dispersal distance References
BROADLEAF 2 0,3 0 30
Deciduous Oak 1,1 0,6 0 30 BA:1,2;RA:3,4
SC:4;SD:3
Evergreen Oak 3 0,8 0 30 BA:4,56,7;RA: 4
SC:4;SD:3
Beech 2,4 0,7 0 30 BA:8;RA:34
SC:4;SD:3
Chestnut 1,2 0,5 0 20 BA:45;RA: 4
SC:4;SD:3
Poplar 0,5 0,8 0 500 BA:1;RA:9
SC:9;SD:3
Locust 2 0 0,5 50 BA:10;RA:10,11
SC:4;SD:3
NEEDLE LEAF 2 0 0,5 50
PINES
Maritime Pine 4 0 0,7 100 BA:4,56,7,12;RA: 4
SC:4;SD:3
Scotch Pine 4,34 0 0 100 BA:4,7,12;RA: 3,4
SC:4;SD: 3,13
Austrian Pine 1,5 0 0 100 BA:12;RA:3
SC:4;SD:3
Aleppo Pine 2,3 0 0,8 100 BA:4,12;RA: 4
SC:4;SD:3
Mountain pine, Swiss Pine 1 0 0,5 30 BA:12;RA: 4
SC:4;SD:3
OTHER NEEDLE LEAF
Fir Spruce 1 0 0 100 BA:7,12;RA:3
SC:4;SD:3
Larch 2 0 0 100 BA:14;RA:3
SC:4;SD:3
Douglas 3 0 0 100 BA:7,12,15; RA: 12
SC:16;SD:13
Needle Leaf 2 0 0 100
MIXED FOREST 2 0 0 50
R?=0.769999
250 - =
200 ..
©
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5 150+
i
L
°
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o point density
m . 0.0016
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Fig. Al. Random forest predicted biomass and observed biomass, ie AGB map of 2020. These data correspond to the 10% of pixels not used to construct the
random forest.
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Fig. A2. Relative importance of predictor variables derived from the Random Forest model. Relative contribution of each predictor to the model’s accuracy,
expressed as the mean decrease in impurity. Variables are grouped by category : disturbance characteristics (red), climate drivers (green), species traits (blue), and
topographic variables (purple). The horizontal line length reflects each variable’s relative importance.
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