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A B S T R A C T

Large-scale mapping of fuel load and fuel vertical distribution is essential for assessing fire danger, setting
strategic goals and actions, and determining long-term resource needs. The Airborne LiDAR system can fulfil such
goal by accurately capturing the three-dimensional arrangement of vegetation at regional and national scales.

We developed a novel method to estimate multiple metrics of fuel load and vertical bulk density distribution
for any type of vegetation. The approach uses Beer-Lambert law for inverting the ALS point cloud into vertical
plant area density profiles, which are converted into vertical bulk density distribution profiles using species-
specific plant traits. The approach is evaluated by comparing ALS-based vegetation profiles and fuel metrics
with field-based data from southeastern France, Spain, and Portugal for a range of vegetation types.

ALS-based and field-based vertical vegetation profiles were consistent. The range of values of fuel load metrics
was also consistent with field data. Good correlations and low bias were attained for simple stratified structure
with R² of 0.6, 0.42 and 0.68 and bias of -5 %, -2 % and -3.3 % for canopy base height, canopy fuel load, and
canopy bulk density respectively. However, correlations were low for complex vertical structures. The use of
species-specific plant traits appeared relevant by lowering the deviation between field and ALS-based values for
most species.

Our field-independent fuel metric estimation shows comparable performance to results in the literature based
on classification approaches trained on field metrics, highlighting the generality of our direct approach. We
demonstrated how our approach is more relevant than field data for defining vertical vegetation strata in
complex forest structures. We showed an application of the methods by mapping multiple metrics at regional
scale (6343 km²) such as canopy base height, fuel strata gap, and canopy and understory fuel loads. Our
approach is adequate for feeding next generation models of wildfire risk assessment systems, enhanced by more
flexible and accurate fuel data than the existing fuel typologies.
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1. Introduction

Fuel characteristics strongly affect wildfire behavior and activity
(Keane, 2015). On the one hand, these characteristics relate to its water
status or fuel moisture, which depends on the daily to monthly responses
of living and dead elements of vegetation to weather. On the other hand,
they relate to the quantity and spatial arrangement of the fuel elements,
which varies on a longer time scale with vegetation structure and
composition. While monitoring water status is important to assess daily
danger and to implement early warning and preparedness, determining
the structural characteristics of fuels is a major challenge for fire risk
mapping, strategic planning, managing the ecological and socioeco-
nomic consequences, and targeting forest and fire management policies
(Arroyo et al., 2008; Fernandes, 2009).

Fire behavior theoretically depends on the three-dimensional dis-
tribution of bulk density (i.e. mass per unit volume, in kg m-3) of fine fuel
elements, conventionally thinner than 6 mm (Dupuy and Morvan,
2005). Generally speaking, the ability of the fire to spread in the surface,
understory, and canopy layers of vegetation, is enhanced by increased
horizontal and vertical fuel continuity (Reinhardt et al., 2006).

Because the fuel spatial distribution is highly challenging to measure
in the field and to translate in terms of fire behavior, a long history of fire
behavior modeling has identified several measurable fuel characteristics
that simplify the complex three-dimensional arrangement of fuel and
that are largely used for predicting key fire behavior metrics (Finney,
1998; Rothermel, 1972; Van Wagner, 1977). According to Byram’s
equation, the intensity of the fire is proportional to the load (mass per
unit of ground area in kg m-2) of fuels consumed in the flaming front and
to the rate of spread of the fire (Byram, 1959). While surface fuels drive
the initial spread of a forest fire, assessing the ability of fire to spread
from the surface to the canopy is important because crown fires are the
most intense and difficult to control (Werth et al., 2016). Crown fire
initiation depends primarily on the intensity of the surface fire and on
the fuel strata gap (FSG), while crown fire spread depends on the canopy
bulk density (CBD) (Cruz et al., 2003, 2006). Canopy fuel load (CFL)
allows to estimate mean CBD when the mean crown length is known,
influences crown fire intensity directly, and often is estimated from the
combination of forest inventory data and allometric equations. The FSG
correspond to the distance between the top of the understory vegetation
and the bottom of the overstorey canopy. . When understory vegetation
is absent, the FSG is equal to the canopy base height (CBH), which has
been defined as the height at which the bulk density is high enough to
spread a fire (Reinhardt et al., 2006; Sando and Wick, 1972; Scott and
Reinhardt, 2001). However, this definition raises the question of the
exact threshold for the critical amount of fuel (Arkin et al., 2023; Scott
and Reinhardt, 2001); and also its field measurement is subjective. A
more practical definition of CBH on the field is the average height of the
first live branches of main or dominant trees in a stand, which is often
used in forestry surveys beyond wildfire studies (e.g. national forest
inventories), as a general forest structure variable. According to the Van
Wagner (1977) model for crown fire initiation, CBH has the greatest
impact on crown fire occurrence. However, fire modelling systems that
include Van Wagner (1977) model for crown fire initiation have several
limitations under continuous-multilayered vertical fuel distribution and
the model has not been calibrated for deciduous or mixed forests.
Therefore, most model predictions of wildland fire behavior are inac-
curate because the fuel complex is not uniform, continuous and homo-
geneous (Cruz and Alexander, 2013). To date, the consistency between
the forestry definition of CBH and its definition based on a bulk density
threshold has not been investigated.

Large-scale measurement of surface and canopy fuel characteristics
using remote sensing data has been the subject of numerous studies and
is becoming increasingly important for predicting fire behavior,
assessing fire risk, or making management decisions. In this context,
both passive (i.e., optical) and active (i.e., LiDAR and RADAR) remote
sensing sensors are being used (Abdollahi and Yebra, 2023; Gale et al.,

2021). The predictive ability of LiDAR instruments to describe the
3D-arrangement of vegetation is stronger for fuel loading and CBH
compared to optical remote sensing products, even if limited for close to
ground surface fuel due to occlusion issues (Bright et al., 2017). The vast
majority of studies use classification approaches to map fuel metrics by
training machine learning algorithms or performing multiple regression
analyses with field data for a large number of LiDAR variables (Arkin
et al., 2023; Just et al. 2022; González-Ferreiro et al., 2017; Jakubowksi
et al., 2013; Marino et al., 2022). Depending on vegetation type, point
density, classification methods, and the fuel metrics being predicted (e.
g., surface fuel vs. crown fuel), the predictive power of these approaches
is moderate to good for field data. However, training or calibrating these
approaches requires a large amount of data that are laborious to obtain
on the field and that are far from being error-free. Surprisingly, little
attention has been paid to the potential of using the LiDAR point cloud to
directly quantify fuel load and structural metrics. Direct estimates from
the point cloud here refer to approaches that allow the spatial organi-
zation of the point cloud to be analyzed to extract meaningful metrics
without using field data. However, there are a few notable examples,
most of them using terrestrial LiDAR scans (TLS), which offer higher
resolution and provide a fine description of the environment near the
ground, but only operate at plot level (García et al., 2011; Wallace et al.,
2022; Wilson et al., 2021). In these studies, the authors used TLS point
clouds to extract CBH, FSG or fuel ladder metrics for describing the
connection between surface and canopy but did not quantify fuel
loading. Pimont et al. (2015) however proposed an approach to derive
leaf bulk density profiles from TLS in mature Quercus pubescens forest.
Chamberlain et al. (2021) used data from ALS to derive CBH at the tree
level using a quantile method on the point cloud vertical distribution,
and the Fire and Fuels Extension of the Forest Vegetation Simulator
(FVS-FFE) to obtain CBD from CBH (i.e. thus indirectly).

Leaf area density (LAD) or plant area density (PAD), which refer to
the one-sided leaf or plant area (when both wood and leaves are
considered) per unit volume, are commonly used in forest ecology and
management to describe vertical forest structure and can be derived
from LiDAR data. Several theoretical approaches to derive PAD from TLS
(Béland et al., 2014, 2011; Nguyen et al., 2022; Pimont et al., 2018) as
well as from ALS (Bouvier et al., 2015; Lin and West, 2016) have been
developed and described in the literature and are gaining attention.
Several studies evaluated the potential of different methods to estimate
leaf area index (LAI) in the field to derive CBD (Cameron et al., 2021;
Clark and Murphy, 2011; Keane et al., 2005). However, to the best of our
knowledge, vertical PAD profiles extracted from ALS data have never
been used to derive bulk density vertical profiles at broad-scale and
extract relevant fire fuel metrics, although they are closely related.
However, several limitations are likely to restrict the practical applica-
tion of such an approach. The point density of ALS data is much lower
than TLS (roughly 10 pts m-2 versus thousands of pts m-2) and the
footprint diameter much larger, hence the description of the vegetation
is impacted, especially near the ground where occlusion for ALS is high.
In this context, Gale et al. (2021) highlighted that the vast majority of
fire-oriented remote sensing studies, including ALS, focus on canopies
because of poor vegetation description near the surface. Moreover, the
limited description of a fine object with ALS data compared to TLS such
as leaves, twigs or branches hinder the wood/leaf semantic segmenta-
tion of the point cloud, thus meaning the vegetation has to be considered
as a whole while fuel is restricted to fine foliar and wood elements.
Inversion of ALS point cloud in bulk density at different heights there-
fore presents several uncertainties and needs to be investigated.

This study aims at investigating the potential of ALS to directly es-
timate several metrics describing fuel load in different strata and its
vertical continuity. We have developed a method to i) derive the vertical
profile of PAD from the ALS point cloud inspired by previous work on
radiative transfer inversion and LiDAR data, ii) convert the vertical PAD
profile into vertical bulk density profiles using species-specific plant
traits, and iii) derive fuel metrics from the vertical bulk density profiles
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that can be mapped at broad scale. The approach is evaluated in two
specific steps using field data from France, Spain, and Portugal, on a
wide variety of forest plots. More specifically, we evaluate i) the ability
of LiDAR to describe vertical vegetation density profiles from the ground
to the top of the canopy, and ii) the agreement of ALS-based fuel metrics
extracted by our method with fuel metrics derived from field-based
approaches. Moreover, the sensitivity of several parameters of our
methods is assessed to analyze the importance of considering the
vegetation types (i.e. species) and structure, as well as to recommend a
set of optimal parameters for broad-scale applications. Finally, we
highlight the limitations of LiDAR and field data in describing fuel load
and fuel vertical distribution.

2. Materials and methods

2.1. Dataset

Field and ALS data from southeastern France, Spain, and Portugal
were used. While French field data allowed us to evaluate the ability of
ALS data to describe vertical vegetation profiles from ground to canopy
top, Portuguese and Spanish data were used to evaluate several metrics
related to canopy fuels (i.e. CBH, CFL and CBD).

2.1.1. Field data

2.1.1.1. Vertical fuel stratification measurement (Southeastern France
data). Field data used to assess the ability of ALS point clouds to
describe the vertical vegetation profile were collected in 2022 by the
French National Forest Service (ONF) on 296 10-m radius plots in
southeastern France. Plots were sampled within a variety of forest types
representative of the diversity of vegetation types in French Mediter-
ranean ecosystems (Fig. 1), with 24 different dominant species and plot
heights ranging from 0.5 m to 44 m with an average height of 14.7 m
(Table 1 and Table S1).

Vegetation cover was estimated in seven layers (i.e., 0–0.5 m; 0.5–1
m; 1–2 m; 2–3 m; 3–4 m; 4–5 m; and > 5 m) on each plot. A team of two
field operators estimated visually the percentage of vegetation cover in
each layer. Layer limits were estimated after training and calibrating
body parts height (e.g. knees, hips, breast, head) or by using graduated
poles when uncertain. Vegetation surface projection is not straightfor-
ward to estimate visually on the field at different heights, but French
National Forest crews have been trained with inter-evaluation exercises
to limit operator bias. Moreover, to facilitate visual estimation, each
layer was divided in four quarters, respectively east to north, north to
west, west to south and south to east, and the cover was separately

Fig. 1. Plot location in France, Spain and Portugal (red dot). LiDAR data are available for all the plot locations. The colored map in the sampled zone comes from the
European fuel map (Aragoneses et al. 2023) summarize by country.
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estimated in each quarter. The mean of the four cover values was used.
The percentage of vegetation cover was estimated in tenths. Even if the
measurement is coarse, the objective was to obtain quantitative data
over a large set of forest types, to compare LiDAR estimates to the for-
ester’s perception of fuel density and distribution. This protocol is
relevant to compare ALS and field data for vertical fuel stratification in
forest stands (Marino et al. 2018). Diameter at breast height (DBH),
species, and tree spatialization using azimuthal angle and distance from
the plot center were also recorded for every tree larger than 7.5-cm DBH.
The plots were geo-located using a Trimble GPS on a tripod with a
precision of 1–3 m. Postprocessing consisting of a manual match be-
tween the spatialized field inventory and the digital height model
extracted from the ALS point cloud allowed precise correspondence
between field plot and ALS data.

2.1.1.2. Canopy fuel property measurement. Portuguese data were ac-
quired for six areas with various forest types (Fig. 1). In these areas, 409
circular plots with a radius of 12.62 m (500 m2) were sampled
(Mihajlovski et al., 2023). Tree height, crown base height, and the
diameter at breast height (DBH) of each tree within a plot were
measured and tree species was recorded, the plots being dominated by
14 different species (Table S1). These metrics were used for estimating
canopy fuel load (CFL) and canopy bulk density (CBD) from
species-specific allometries for leaf fraction of biomass using the Por-
tuguese National Forest Inventory (PNFI) equations (Tomé et al., 2007)
and general allometries for thin wood element fraction (Gómez-Vázquez
et al., 2013). These data were acquired between April 2020 and June
2021. Plots were geo-referenced with sub-metric precision using a
TRIMBLE Juno Handheld (Trimble Inc. USA) with external antenna.

Spanish data consist of 141 plots with a 10-m radius distributed
across four different ecological areas in Catalonia. 38 plots were
sampled along the inland northern Mediterranean coast; 38 along the
inland central Mediterranean coast; 45 plots in the Pyrenees and 20 plots
in a riparian vegetation area (Fig. 1). These plots are dominated by 16
different species of which nine are the most common tree species in
Catalonia (Table S1). For each plot, number of trees and their species
were recorded and their crown base height was measured. The plots
were geo-referenced using a Leica Zeno FLX 100 GPS, with a precision of
2–3cm.

2.1.2. LiDAR data
The French National Geographic Institute (IGN) is currently con-

ducting a national-scale high resolution ALS campaign that started in
2021 and will end in 2025. These ALS data are publicly available and
can be downloaded from the IGN platform (“LiDAR HD | Géoservices,”
2024). ALS data collected from May to September 2022 were used as it
matches the period of field data campaign and correspond to leaf-on
phenology. The 296 field plots (10-m radius) were extracted from the
point cloud. The data were acquired by a Leica TerrainMapper 2 at an

average point density of 65 m-2 per sampled plot (Table 1).
LiDAR from Portugal were acquired in June 2020 within the six

target areas described in the field data section. These data are publicly
available and provided by ICNF (Institute for Forest and Nature Con-
servation). The data were acquired using a Teledyne Galaxy Airborne
LiDAR with SwathTRAK Technology with an average point density of
16.2 m-2 per plot.

The Cartographic and Geographical Institute of Catalonia (ICGC)
completed the acquisition of the 3rd Catalan LiDAR coverage (LIDAR-
CAT3) from 2021 to 2023, covering the whole territory of Catalonia
(Spain). The data was collected by a Leica Terrain Mapper 2. Out of a
total of 141 plots, 121 were extracted from LIDARCAT3. The remaining
20 plots were extracted from another ICGC flight with the same LiDAR
system. LiDAR data for the 45 plots in the Pyrenees were acquired be-
tween October and November 2022, during the leaf-off conditions of
deciduous trees. LiDAR data for the other plots were acquired between
April and July 2021.

All point clouds were provided in .laz format. The point cloud clas-
sification was made by IGN, ICNF and ICGC for France, Portugal and
Spain respectively. Only classes 2 to 5 corresponding to ground and
vegetation were used.

2.2. Processing of LiDAR data

All the ALS data processing was performed in R. The workflow is
implemented in an R package called LidarForFuel available on a github
repository (see code availability section) that can be used with the lidR
package allowing broad-scale LiDAR treatment (Roussel et al., 2020a).
Preprocessing steps consist of:

(i). Point cloud filtering for keeping only ground and vegetation
points (LAS classes 2 to 5). A SOR (statistical outlier removal) filter with
conservative parameters (k = 5 and m = 10; see lidR package for details
on the filter function parameters) was applied to remove lost points well
above the canopy or well below ground that can remain from the initial
classification provided.

(ii) Normalizing the height of the point cloud using a spatial inter-
polation algorithm (with k andm parameters of 5 and 10 resp.) based on
Delaunay triangulation over points classified as ground category (Fig. 2
Step 1 and 2).

2.2.1. LiDAR data processing for extracting fuel metrics

2.2.1.3. ALS point cloud to vegetation density profile (Fig. 2 step 3).
Normalized return density index (NRD) is widely used to describe the
vertical profile of vegetation density from ALS data as it takes into ac-
count occlusion (i.e. attenuation of the laser beam by the canopy) when
calculating the proportion of returns in a given layer. (Campbell et al.,
2018; Forbes et al., 2022; Kane et al., 2013; Marino et al., 2018). It is
calculated as follows:

Table 1
Field and ALS data summary.

Country N
plots

Plot
radius
(m)

Height (m) Field data Field
campaign
date

ALS density
(pts/m2)

ALS
acquisition
date

ALS device Data owner

France 296 10 14.7
(0.5–44)

Vegetation Cover in 7
strata

2022 65 (8.3–203) 05–09/ 2022 Leica TerrainMapper
2

IGN (Publicly
available)

Portugal 409 12.62 16.6
(3.3–40.3)

CBH DBH
Height

CFL+CBD+ 04/2020
06/2021

16.2 (4.5–73.6) 06/2020 Teledyne Galaxy.
SwathTrack

ICNF
(Publicly
available)

Spain 140 10 14
(1.8–34.8)

CBH 07–09/2023 22 (10.4–44.8) 2021–2023 Leica TerrainMapper
2

ICGC
(Not Publicly
available)

*CBH = Crown base height in m; DBH = diameter at breast height in cm; CFL = Canopy Fuel load in kg/m2, CBD = Canopy bulk density in kg/m3.
*IGN: French National geographic institute; ICNF: Portuguese Institute for Nature Conservation and Forests; ICGC: Catalan cartographic and geographic institute.

+ Calculated from allometries based on field inventory.
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NRD =
Ni
N0− i

(1)

where Ni is the number of returns in layer i and N0− i is the number of
returns in layer i and below (i.e. from the ground to the top of layer i).

2.2.1.4. ALS point cloud to plant area density (Fig. 2 step 4). PADi was
estimated based on the general approach consisting of using the Beer-
Lambert law (i.e. law of light extinction in a turbid medium) extended
to plant canopies by Monsi and Saeki (2005), for deriving plant area
from the transmittance P(θ) of a volume from a viewing angle Θ:

P(θ) = e((− G(θ).PADi .Ω)/(cos (θ))) (2)

where θ was estimated by calculating the beam angle using the trajec-
tories of the plane. The trajectories of the plane were reconstructed using
the point cloud with Roussel et al. (2020b) algorithm with lidR R
package. G(θ) is the plant projection ratio from a viewing angle θ. We
assumed a spherical distribution of leaf inclination angles within can-
opies, with G(θ) value well approximated by 0.5 (half of the leaf surface)
(Ross, 1981).

Finally, Ω is the clumping index describing the aggregation of
vegetation. Ω =1 assumes a homogeneous distribution of plant elements
that is very unlikely at our scale of analysis (10 to 12.62-m plot radius or
20-m x 20-m pixels) and more likely varies from 0.55 to 0.86 according
to the literature (Chen et al., 2005). A value of 0.77 was retained based
on a sensitivity analysis of Ω that allowed us to find the optimal Ω,

reducing the bias between field and ALS fuel load estimation. This
analysis is described in Appendix 1.

The transmittance P(θ) is considered equal to the gap fraction (Gf)
that is estimated from the point cloud (Bouvier et al. 2015) in a specific
layer i by:

Gfi = 1 − NRDi (3)

From Eq. (2) and (3), the Plant Area Density (PAD, in m-2 m-3) within
the vegetation layer i in which NRD is computed is then approximated

by:

PADi = −
ln
(
Gfi

)
.cos(θ)

G(θ).Ω.Di
(4)

where Diis the depth of the vegetation layer i

2.2.1.5. PAD to bulk density profile (Fig. 2 step 5). We assume that above
the ground, most of the laser beams are intercepted by fine fuel elements
(i.e. leaves, needles, small twigs), which comprise most of the projected
vegetation area. The bulk density profile can thus be derived from
multiplying the PAD profile by the Fuel Mass Area (FMA), i.e., the mass
of canopy fuel per unit area (in kg m-2).

FMA mostly depends on the mass fraction of leaf elements with
respect to fine fuel elements - typically corresponding to elements
thinner than 6 mm - αL, the Leaf Mass Area (LMA) and the Twig Mass
Area (TMA).

FMA =
1

αL
LMA+

1− αL
TMA

(5)

LMA and TMA vary widely among tree species and forest types. We used
species-specific LMA and TMA according to the dominant species of each
plot. LMA values were extracted from the global spectrum of plant form
and function dataset (Díaz et al., 2022).

TMA is by far less well-known than LMA, so we used simple rules of
thumb to estimate it. As TMA is representative of 0–6 mm diameter el-
ements, we considered an average of 4 mm, as the amount of 0–2 mm is
negligible compared to the 2–6 mm amount. The species-specific wood
density (WD in kg m-3) is finally used and a half-cylinder surface is
considered for deriving TMA following:

TMA =WD r (6)

with r being the radius of twigs considered (r = 0.002 m). Species-
specific WD values were extracted from three different databases
depending on the availability of a given species, the xylem functional

Fig. 2. Summary of the workflow. The numbers correspond to the step of the workflow reference in the text. The bold double arrows refer to the analysis for
comparison between field and ALS data (step 7 and 8). Step 9 consist in mapping fuel metrics at broad scale at 20 m resolution raster. References to the steps are
given in section headings. LMA: Leaf Mass Area (kg/m2); WD: Wood Density (Kg/m3); FMA: Fuel Mass Area (Kg.m2) CBH: Canopy Base Height (m), NRD: Normalized
Return Density; PAD: Plant Area Density (m2/m3); CBD: Canopy Bulk Density (Kg/m3); BD: Bulk Density (Kg/m3); CFL: Canopy Fuel Load (Kg/m2).
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trait database (Choat et al., 2012) or the global wood density database
(Chave et al., 2009), or the global spectrum of plant form and function
dataset (Díaz et al., 2022).

αL was estimated from destructive field data obtained on the three
tree species dominating the Mediterranean forests of southeastern
France (i.e. Quercus pubescens, Quercus ilex and Pinus halepensis). Field
samples were collected in 2016 for 14 individuals with a wide range of
crown diameter, height and foliar density (Soma, 2019). Whole trees
were destructively sampled from top to bottom. Each tree was divided in
1-m vertical strata, and for each strata the weights of twigs and leaves
were measured. The twigs (0–6 mm diameter) and leaves mass fraction
(αL) resulting from this field campaign are summarized in Table 2. This
type of data is not common and hard to obtain at species level so we used
a constant αL value of 0.51, the average of the three species. The bulk
density profile was computed for each French, Spanish and Portuguese
plot from the PAD profile.

BDij = PADij FMAj (7)

where BDij and PADij are respectively the bulk density and PAD value of
strata i in the plot j; FMAj is the dominant species-specific FMA value of
plot j.

2.2.1.6. Bulk density profile to LiDAR-based fuel metrics (Fig. 2 step 6).
Bulk density profiles can exhibit different forms with several vegetation
strata. Five stratum height boundaries and the corresponding four
stratum were identified for deriving fuel load and fuel vertical organi-
zation metrics (Fig. 3). Description of stratum and rationale behind the
segmentation as well as fuel load metrics extracted are described in
Table 3. Identification of stratum’s limits depends on a bulk density
threshold that can be defined as the critical amount of fuel that allows
fire transmission to the crown (see section 2.3.4).

Note that apart from the fuel load metrics other important fuel
characteristics are derived from those profiles:

• Canopy height (CH) in meters: maximum height of the profile
• Canopy base height (CBH) in meters: lowest height of the canopy

stratum above a given bulk density threshold
• Canopy bulk density (CBD) in kg m-3: ratio between CFL and crown

length (i.e. CH – CBH)
• Fuel strata gap (FSG) in meters: depth of the gap strata (Fig. 3)

In addition to these quantitative metrics a qualitative fuel profile
type (FPT) metric describing the shape of the bulk density profile was
also extracted (Fig. 3, II). Four specific FPT were identified on a gradient
of vertical complexity which is based on the number of fuel stratum
separated by gaps. A gap is considered if the depth of the stratum with
bulk density lower than a threshold (i.e. 10 % of the maximum bulk
density) is larger than 1-m height. Due to larger uncertainties below 1 m,
the elevated surface fuel stratum is not considered for characterizing the
FPT which is therefore computed from 1-m height to the top of the
canopy.

• “A”: The simplest profile with canopy stratum only (e.g. archetype of
a mature pine plantation without midstory).

• “B”: A midstory and a canopy stratum separated by a fuel strata gap
(e.g. a dominant canopy species and a shrub stratum; pine plantation
with shrub/fern understory) corresponding to the example used in
Table 3 for illustrating all potential strata.

• “C”: Complex multi-layered forest (e.g. uneven-aged and/or diverse
forest stand; mixed unmanaged forest, shrubland)

• “D”: The vegetation is continuous (e.g. dense mixed unmanaged
forest, closed shrubland). In this last case CBH and the FSG do not
exist and are equal to 0, the canopy and the continuous midstory
strata are connected. The CFL is therefore equal to 0.

Schematic representations of the FPT and examples of real-world
profiles extracted from Portuguese data are given on Fig. 3 but see Ap-
pendix 2 for more examples and detailed explanations of real-world
profiles.

2.3. Data analysis

2.3.1. Evaluation of the consistency between NRD and field vertical
coverage profiles (Fig. 2 step 7)

Field vertical coverage profiles (i.e. French plots field protocol) were
compared to ALS-based vegetation density profiles (i.e. NRD profiles) to
control for the consistency of ALS data with fuel density perception of
foresters on the field. Regressions between NRD and field vertical
coverage profiles (i.e. French field plots) were therefore analyzed.
However, field coverages cannot be considered as direct estimates of
fuel density. Indeed, bulk density within crowns varies depending on
species (Armand et al., 1993; De Cáceres et al., 2019), but also on stand
structure, where taller stands with strong competition for light and
lengthier crowns tend to exhibit lower bulk density. Therefore, we
expect a different relationship here with a slope decreasing with vege-
tation density. Uncorrelation between ALS-based and field-based vege-
tation profiles would be interpreted as ALS failing to represent
vegetation density due to imprecision in LiDAR data (e.g. low point
density, occlusions, point classification issues).

To match the French field protocol, NRD was calculated in the same
seven strata of varying depth (i.e., 0–0.5 m; 0.5–1 m; 1–2 m; 2–3 m; 3–4
m; 4–5 m; and > 5 m).

2.3.2. Evaluation of ALS canopy fuel metrics (CBH, CFL and CBD) against
field canopy fuel data (Fig. 2 step 8)

Three-fuel metrics (CBH, CFL and CBD) were estimated from the
point cloud of all the 409 Portuguese plots and CBH for the 140 Spanish
plots and then compared to field data (Fig. 2). The bulk density profiles
were calculated for constant 0.5-m stratum depth. CBH definitions are
different between i) the LiDAR-based approach, which uses a CBD
threshold on the vertical bulk density profile consistently with the fire-
behavior “concept” of CBH described in the Introduction, and ii) the
forestry CBH which is the average field value of individual crown base
heights (height of first living branches). Hence, for calculating CFL and
CBD based on ALS data, the field CBH and mean tree height were used to
ensure that the fuel loads are compared in the same stratum boundaries.

Relationship between ALS and field-based estimates were analyzed
for each FPT described on Fig. 3 II. It is expected that the simpler the
profile the more comparable the metrics are between ALS and the field.
In particular, the concept of FSG or CBH based on threshold of bulk
density for FPT “D” is not relevant as fuel is continuously high in the
whole stratum and results in CBH = 0 (cf Fig. 3 and section 2.2.1.4). In
this case of vertical continuity a “forestry" CBH can still be measured,
which illustrates the discrepancy between the two concepts. See Ap-
pendix 2 (Fig. A2) for a comparison and explanation of ALS-based and
field-based CBH on real-world profiles.

Consistency between field and ALS-based estimates was assessed
using the following statistics:

Table 2
Twigs and leaves mass fraction measured on the field for three Mediterranean
tree species.

Species Twigs mass
Fraction

Foliar mass
fraction (αL)

N
samples

N
trees

Quercus
pubescens

0.47 0.53 35 5

Quercus ilex 0.47 0.53 18 5
Pinus

halepensis
0.53 0.47 23 4
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R2 = 1 −

∑n
i=1(ŷi − yi)

2

∑n
i=1(ŷi − yi)

2 (8)

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

∑n

i=1
(ŷi − yi)

2

√

, (9)

nRMSE (%) =
RMSE
mean(ŷ)

∗ 100, (10)

bias =
1
n

∑n

i=1
(ŷi − yi), (11)

nbias (%) =
bias

mean(ŷ)
∗ 100 (12)

where n represents the number of plots, yi is the field-based fuel metric
of ploti, ŷi is the ALS-based metric of ploti, and yi is the mean of the field-

based metric.

2.3.3. Analyzing the sensitivity to species-specific traits
To analyze the contribution of species-specific plant traits used in our

ALS-based methods, CFL and CBD estimated for the 409 Portuguese
plots were computed with and without species-specific traits and
compared between each other and with field-based CFL and CBD.
Without species-specific traits, average LMA and WD field values of the
Portuguese plots were used (0.14 kg m-2 and 591 kg m-3 respectively)
resulting in a constant FMA of 0.25 kg m-2. Only species dominant in
>10 plots were analyzed. Differences between ALS-based metrics (i.e.
CFL and CBD) with and without species-specific traits were analyzed
with a non-parametric mean comparison statistical test. The same
approach was used to analyze the differences between field-based and
ALS-based metrics (with and without species-specific traits).

Fig. 3. I) Schematic representation of a vertical bulk density profile extracted from ALS point cloud illustrating the five potential strata’s limits identified based on a
bulk density threshold and the corresponding four fuel load metrics of the strata (see Table 3 for a description of the strata). The dashed blue line corresponds to a
bulk density threshold used to identify the strata’s limits. II) Schematic representation of the four-fuel profile type (FPT). The blue dashed lines correspond to a
relative threshold (i.e. 10 % of maximum bulk density) used to identify the profile type. Note that the red profiles are theoretical and examples for real-world plot
profiles are given below. More real profiles and explanations are given in Appendix A2.
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2.3.4. Analysis to identify an absolute bulk density threshold
ALS-based CBH identification for estimating and mapping canopy

and understory fuel characteristics requires setting a specific absolute
bulk density threshold that corresponds to the critical amount of fuel
that allows fire transmission (Sando and Wick, 1972; Scott and Rein-
hardt, 2001). Several threshold values have been proposed in the liter-
ature (Reinhardt et al., 2006; Cruz and Alexander, 2010), but are not
systematically based on fire physics and are subject to many uncertainty
sources. Therefore, a bias analysis between field-based and ALS-based
CFL and CBH for twenty different bulk density thresholds ranging 0.01
to 0.1 kg m-3 was performed to find a threshold that could be used with
our ALS-based approach for mapping canopy fuel metrics at broad scale.
The threshold minimizing the CFL and CBH bias was retained. Note that
this recommendation is based on field (for CBH) or field-derived (for
CFL) metrics and not on fire physics considerations. The detailed
sensitivity of ALS-based metrics to twenty different bulk density
thresholds is described in Appendix 3.

3. Results and discussion

3.1. Evaluation ALS vertical vegetation profile with field data

Vegetation coverage estimated on the field has been used for eval-
uating, rather than validating, the ability of the NRD index to describe
vegetation vertical profile. This type of data is indeed difficult to obtain
on the field and by no means free of errors. It is still a good point of
comparison to identify obvious problems in ALS-based vertical profiles.

Moderate to good relationships (R² from 0.39 to 0.70) were sys-
tematically found for stratum above 0.5 m (Fig. 4). The weak (but still
significant) relationship found between field vegetation coverage and
the ALS estimate of vegetation density in the lowest stratum (0–0.5 m)
with a R² of 0.11 (Fig. 4) was expected (Bright et al., 2017; Jakubowksi
et al., 2013). It can be explained by the limits of ALS to describe
near-ground vegetation because of the occlusion. The highest stratum
hides the vegetation elements of the lowest, leading to a poor

description of these strata, and the ground/vegetation classification is-
sues decreases accuracy in the estimation of the vegetation return (Ni)
close to the ground that is involved in NRD estimation. Campbell et al.
(2018) reached a R² of 0.44 between NRD and field cover estimate close
to the ground strata but they considered a single stratum from 0.15 m to
1.85 m. Overall, our results are encouraging considering that previous
studies describing vegetation for fuel characterization with lower den-
sity ALS data (1 to 5 pts m-2) focused only on middle canopy (from 2 m or
even 4 m) to avoid large uncertainties below (Kramer et al., 2014;
Marino et al., 2016). We thus argue that above 0.5 m, high-resolution
ALS data (Table 1) can reliably describe the vertical distribution of
vegetation using the NRD index as already suggested by Marino et al.
(2018) for classifying presence/absence of ladder fuels. Finally, seasonal
changes of low vegetation due to the annual phenology cycle can also
explain the poor relationships in close to ground strata. Most of the field
data were collected during autumn and winter while LiDAR data were
acquired during spring and summer. Small differences in the data
collection period (a few months) can result in height and cover varia-
tions for herbs and forbs.

Fig. 5 illustrates the relationship between NRD in the lowest stratum
(0–0.5 m) and NRD in the second stratum (0.5–1 m). If the NRD of the
first stratum contained no information about the amount of biomass
present, but only residual noise due to soil-vegetation confusion, then
there would be little or no correlation between NRD values in these two
strata. On the contrary, the high correlation observed between the NRD
of the first two strata (R² = 0.60) is consistent with the fact that vege-
tation in the second stratum contains structural elements of the first
stratum by construction. This suggests that the poor relationship be-
tween field cover and NRD in the close to ground strata could not only be
due to a lack of data or classification problems with ALS but might be
also due to a time lag (even if small) between the two sources of data and
that ALS descriptions in the lowest strata might be reliable. However, we
have no means for evaluating the respective contributions to our results
of ALS limitations and acquisition lag. To disentangle these two effects,
data must be collected at the exact same phenological period. Therefore,

Table 3
Description of the four potential strata identified from ALS based on a bulk density threshold. Depending on the fuel types, they can contain only the lower one (e.g.
grassland or low shrubland), the first two (e.g. high shrubland, immature or mixed stand) or the four of them (e.g. mature forest with low density midstory).
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Fig. 4. Relationship between field cover and NRD for each layer assessed on the field. The blue line represents the linear regression and the grey shaded area
represents the 95 % confidence interval. R² of the linear regression are indicated on each graph to indicate the goodness of fit. The dashed line represents the 1:1 line.
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fuel load of the elevated surface stratum (i.e. 0–1 m) have to be used and
interpreted with caution. Considering the importance of surface vege-
tation to fire ignition and spread, an effort has to be made to assess the
uncertainties of high-density ALS data in this stratum and improve our
ability for describing surface fuel. Combining high-density ALS and
other remote sensing products that are available at high frequency seem
also promising for characterizing this specific stratum (Labenski et al.,
2023).

Overall, NRD underestimated the field vegetation cover (Fig. 4). This
result is consistent with previous studies (Marino et al. 2018) and with
the fact that some of the lidar beams hitting vegetation clumps can pass
through them. So, the lighter the vegetation in the clumps, the more the
NRD tends to underestimate ground cover. The case of the >5-m stratum
is specific, vegetation density being higher in this stratum compared to
others (0.5 or 1 m), as the stratum combines all vegetation >5m (height
is generally >6m). This could explain why the slope is almost equal to 1
in the latter case.

3.2. Evaluation of ALS canopy fuel metrics with field data

3.2.1. Canopy base height (CBH)
A critical aspect of the results comparing ALS and field-based fuel

metrics resides in the divergence of CBH definition between the two
approaches. ALS-based CBH estimation is based on a critical amount of
fuel in the canopy to spread fire, i.e. a wildfire-oriented definition
(Sando and Wick, 1972), while field-based estimation is based on the
average height of the first live branches of the trees (i.e. a general
forestry definition).

Fig. 6 shows the relationship between ALS-based and field-Based
CBH. Identifying a simple vertical profile (i.e. Profile type “A”)
reduced the differences between the two definitions and resulted in a
good relationship between field-based and ALS-based CBH (R² = 0.6,
nRMSE = 42 % and nbias = 5 %). Pinus pinea and P. pinaster, Eucalyptus
globulus andQuercus suber stands represented most of the profile type “A"
and are thus characterized by even-aged stands with a well-defined
monolayered canopy with very low inter-individual CBH variability
inside a plot (sensu field data) (Fig. 3 and Fig. A2). The threshold used to
estimate ALS-based CBH is relative and has no rationale in terms of fire
physics but revealed that in a simple structure stand, where an actual
canopy base can be identified at the plot level, ALS can reliably estimate
a field-based CBH. However, as expected, no correlation was found
between ALS-based and field-based CBH in more complex profile types
(i.e. the bi-layer profile “B” and the multi-layer profile “C" in Fig. 6). The
profile type “D" is not shown in Fig. 6 as the continuous profile has an
ALS-based CBH always equal to 0 and thus was uncorrelated with field-
based CBH. In these three types of complex and continuous stands (B, C
and D) the CBH field definition at the stand scale is less meaningful in
the context of fire risk and behavior. We argue that for that kind of
complex or continuous forest structure our approach describing full bulk
density profiles is much more relevant and accurate for mapping canopy
fuel metrics at regional scale than using classification approaches based
on the field definition of CBH. The example of bulk density profiles in
Appendix 2 illustrates how CBH estimated from ALS and field can match
in a specific context (mono-stratified stands) and how in other contexts
the field definition of CBH is less relevant for wildfire behavior purposes
while ALS profiles are much more informative.

3.2.2. Fuel load metrics
In most studies, including in the present work, field-based estimates

of CFL and CBD come from allometric models developed from limited
destructive sampling (Cruz et al., 2003; Fernández-Alonso et al., 2013).
Allometries are known to be subject to large uncertainties related to

Fig. 5. Relationship between NRD in the lowest strata (0–0.5 m) and NRD in
the second stratum (0.5–1 m). The blue line represents the linear regression and
the grey shaded area represents the 95 % confidence interval. The dashed line
represents the 1:1 line.

Fig. 6. Linear regression between field and ALS-based CBH for each of the three-profile type estimated. Statistics of the regression are given on the graphics. In
brackets are the normalized values of the statistics (i.e. nrmse and nbias). ALS-based CBH of profile type “D” is always equal to 0, the relationship is therefore not
drawn. The blue line represents the linear regression and the grey shaded area represents the 95 % confidence interval. The dashed line represents the 1:1 line.
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biotic (e.g., competition) and abiotic (e.g., soil properties) factors (Lines
et al., 2012) and are highly dependent on species (De Cáceres et al.,
2019), but also to factors that are less straightforward to measure such as
tree age (Shaiek et al., 2011). However, non-destructive sampling is the
primary method for estimating those fuel properties from field data
because of the labor-intensive nature of harvesting and processing
biomass. Mapping fuel load estimates at broad-scale and high resolution
(e.g. 20 m) directly and accurately from remote sensing data is therefore
a major challenge . The recent craze to produce integrative fuel typology
and fuel metrics at the international level in Europe points in this di-
rection (Aragoneses et al., 2024, Kurtchartt et al., 2024).

Fig. 7 illustrates relationships between our direct ALS-based esti-
mation of fuel load and density (CFL and CBD) and allometric field-
based estimates. Similar to CBH, relationships for profile type “A” be-
tween ALS and field-based fuel load metrics presented moderate to high
goodness of fit (R² = 0.42 and 0.67 and nRMSE = 14 % and 23 % for CFL
and CBD respectively) and low bias (nbias= − 2 % et − 3.3 % for CFL and
CBD respectively). These results are similar to classical supervised
classification approaches trained on field data in the literature with R²
ranging from 0.30 to 0.70 for CBD in Mediterranean forests (Botequim
et al., 2019; Crespo-Peremarch et al., 2016; Marino et al., 2022). Thus it
is encouraging to observe such results with our direct ALS-based esti-
mates of fuel load, which are completely independent of field data. It is
also worth noting that the range of CFL and CBD estimates using our
direct ALS-based approach agrees well with field data values for profile

type “D" with a nbias of 12 % in spite of poor goodness of fit (0.09 and
0.14 for CFL and CBD respectively). This profile type groups 72 % of the
plots (i.e. 292).

3.2.3. Contribution of species-specific plant traits for fuel metrics estimates
based on als

The fine fuel estimates obtained with our ALS approach from PAD
required a conversion factor from fuel area to fuel biomass. Plant traits
allowing this conversion (i.e. LMA and WD for FMA calculation) are
increasingly available at species level thanks to large worldwide data-
bases (Díaz et al., 2022) and were used in the present study for deriving
PAD profiles to bulk density profiles and estimating fuel load metrics
(see Section 2.2.1.5). Table 4 illustrates statistics on the relationships
between field-based and ALS-based fuel load metrics when
species-specific plant traits were used (“Sp-PT” in Table 4) or not
(“Av-PT” in Table 4: corresponding to average FMA value). Overall, the
goodness of fit and bias were better when species-specific traits were
considered. These results are particularly clear for plots having a FPT
“A” but also regarding the statistics of all plots mixed together.

Fig. 8 illustrates the deviation between ALS-based and field-based
CFL by species. Note that only species dominant in more than five
plots and having a FMA at least 30 % higher or lower than the average
FMA were kept for the analyses. CBD results are not presented here but
were similar. A value of 0 in Fig. 8 means that the ALS-based CFL is equal
to the field-based CFL estimates. The results highlight that ALS tended to

Fig. 7. Linear regression between field and ALS-based CFL and CBD estimates for each of the three-profile type estimated. Statistics of the regression are given on the
graphics. In brackets are the normalized value of the statistics (i.e. nrmse and nbias). The blue line represents the linear regression and the grey shaded area rep-
resents the 95 % confidence interval. The dashed line represents the 1:1 line.

Table 4
Statistics of the relationship between ALS-based and field-based fuel load metrics (CFL and CBD) when using species-specific plants traits (Sp-PT) and average plant
traits (Av-PT). See section 2.2.1.3.

CFL CBD N

R² nRMSE nbias R² nRMSE nbias

Av-PT Sp-PT Av-PT SP-PT Av-PT Sp-PT Av-PT Sp-PT Av-PT Sp-PT Av-PT Sp-PT

FPT
A 0.37 0.42 136 14 20 2 0.57 0.67 151 22 22 3 48
B 0.23 0.23 339 228 44 30 0.33 0.34 350 237 46 31 59
C 0.22 0.29 187 164 59 52 − 0.06 − 0.01 184 164 58 52 10
D 0.02 0.08 87 245 − 5 − 14 0.07 0.14 60 230 − 4 − 13 292
All
A,B,C,D 0.09 0.18 236 1 12 0 0.16 0.28 239 6 12 0 409
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underestimate CFL for coniferous species (when using average plant
traits) while it overestimated it for broadleaved species. The canopy
structure (i.e. shape and organization of leaves and twigs) of these two
functional groups interact differently with LiDAR signals. The cylindri-
cal shape of needle-leaved species and their twig insertion exposed a
reduced proportion of the surface to laser beam compared to broad-
leaves resulting in potential underestimation of PAD and thus of bulk
density. Interestingly, using species specific plant traits for converting
plant area to fuel biomass (i.e.”Sp-PT” in Table 4 and Fig. 8) tended to
reduce the deviation between ALS and field-based fuel load estimates for
six of the seven species analyzed (but significantly for three species only,
the two Pinus and the Quercus spp.). These results highlight the impor-
tance of accurate vegetation type mapping. The traits of dominant
canopy species were considered here only. A great step forward would
be to adapt plant traits values to the height on the profile to consider
understory species traits in the fuel metrics estimates.

Importantly, the inversion of the radiative transfer model used to
obtain PAD from LiDAR point cloud hypothesizes homogeneous plant
elements distribution when a clumping factor Ω of 1 is used in Eq. (4).
This hypothesis is violated in the context of natural vegetation at our
scale of analysis (i.e. 12.62-m radius plot, see Table 1) and a constant
correction factor of the vegetation clumping was therefore used (i.e. Ω =

0.77, see Appendix 1). However, more research is needed to correctly
integrate the clumping index according to vegetation type and structure
and more specifically vegetation cover that is directly related to the
clumping factor at those scales of analysis (Chen et al., 2005). Basically,
integrating a vegetation-structure-dependent clumping factor might
reduce the rest of the bias observed for certain species with high bias
(Table 4 and Fig. 8). The next step forward will be an integrative
approach with ALS data that uses the point cloud to estimate this
clumping factor as already explored by Hu et al. (2018).

Fig. 8. Plant traits effect on differences between field-based and ALS-based
CFL. Only species dominant in >5 plots are shown. Mean differences and
standard deviation are respectively represented by dots and error bars. The
closest the value to 0 the more consistent field and ALS-based CFL. In blue
species-specific plant traits (Sp-PT) were used to estimate FMA in brown
average plant traits (Av-PT) value was used. Field canopy strata boundaries are
used (i.e. field CBH and field mean tree height) to compute ALS-based fuel
metrics. Average FMA: 0.25 kg/m². Species-specific FMA: Quercus spp: 0.17;
Pinus pinea: 0.39; Olea Europea: 0.34; Fraxinus spp: 0.14; Castanea sativa:
0.14; Betula celtiberica: 0.14.

Fig. 9. Normalized bias of three key fuel metrics according to the bulk density threshold used to compute them. ALS-based metrics overestimate or underestimate the
metrics (compared to field-based) when the bias is positive or negative respectively. The red dashed vertical line represents the bulk density threshold minimizing
both CFL and CBH normalized bias. The black dashed vertical lines represent several key CBD values in terms of fire behavior modelling (Reinardt et al., 2006;
Alexander and Cruz, 2013).
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Fig. 10. Example of nine fuel metrics mapped at large scale derived from ALS data (Fig. 3 & Table 3). The mapped area is the French administrative unit of Aude
(6343 km²) in southern France dominated by Mediterranean vegetations. Metrics are derived from ALS-based bulk density profiles by using a threshold value of 0.02
kg/m3. Metrics are computed at 20m.
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3.3. Absolute bulk density threshold identification for fuel metrics
mapping

The previous sections results aimed at evaluating the potential of our
ALS-based approach to retrieve fuel metrics obtained from field data and
allometries. In this context we used field canopy boundaries (field CBH
and stand height) to quantify CFL and CBD with our ALS-based
approach. However, identifying CBH and its dependent fuel metrics (i.
e. CFL, MFL, CBD, FSG, profile type) from bulk density profiles using ALS
data only require defining a bulk density threshold. The question of
selecting a reliable and integrative (or species dependent) bulk density
threshold for estimating canopy fuel metrics remains and can only be
achieved by experimental work and measurement or by theoretical
physical modelling approaches and is out of the scope of this study.
However, several thresholds to identify CBH were mentioned in the
literature (Cruz and Alexander, 2010). A threshold of 0.012 kg m-3 was
proposed by Reinhardt et al. (2001) and has been commonly used to
determine CBH (Arkin et al., 2023) even though the authors acknowl-
edged that arbitrarily defining such threshold can be criticized
(Reinhardt et al., 2006). But if the model of Van Wagner (1977) is used
to predict crown fire inception, then 0.05 kg m-3 should be adopted as
the CBD threshold (Alexander and Cruz, 2014). Fig. 9 illustrates the
normalized bias (using field estimates as reference) response of three
metrics to a range of bulk density thresholds roughly matching the
above-mentioned literature (i.e. from 0.01 to 0.1). 0.02 kg m-3 is the
threshold minimizing CFL and CBH estimates and is used here to
quantify CBH dependent metrics at the pixel scale for the mapping
example (Fig. 10). However, this value is selected because it provides
CBH and CFL estimates close to field and is therefore consistent for both
forestry assessment of CBH and fuel load allometric estimation in the
dataset we used, but is not related to any fire behavior consideration. A
detailed sensitivity analysis of ALS-based fuel metrics to bulk density
threshold is described in Appendix 3.

Fig. 10 illustrates an example of large-area fuel mapping from ALS-
derived bulk density profiles in 20-m resolution pixels for a French
NUTS3 region (“Aude” Departement, 6343 km²). Beyond CBH, CBD, and
CFL, this example shows how bulk density profiles can be easily used to
map other relevant fuel metrics. As an example, FSG is hard to estimate
on the field but is of great importance for modeling crown fire behavior
(Cruz et al., 2004; Perrakis et al., 2023). Moreover, these profiles and
our characterization of fire-physics oriented strata (elevated surface,
midstory, gap strata and canopy strata) allowed mapping the fuel loads
that would be consumed by fire (above a specified amount of fuel, i.e.
bulk density threshold), depending on the type of fire (surface or crown
fire), which is critical to estimate potential fireline intensity. Bulk den-
sity profiles also allow estimating fuel load in the elevated surface (0–1
m) and midstory strata that are directly involved in fire ignition and
surface fire propagation. Note however that the ESFL has larger un-
certainties compared to other strata as discussed in section 3.1 and is
focused on standing fuel and therefore excludes coarse woody debris and
litter. Moreover, profile shape typologies such as those proposed in this
study (i.e. FPT: A,B,C,D) characterize qualitatively the continuity and
complexity of fuel vertical organization. These profile types can be of
great interest for creating new fuel typologies or precising already
existing ones for assessing fire hazard and targeting forest management
practices. Finally, it is interesting to note that in the Mediterranean a
large proportion of the forest features a continuous fuel organization. As
a result, 75.5 % of the pixels in the forested area mapped on Fig. 10 are
characterized by a profile type “D” and therefore had no meaningful
CBH values. Similarly, 74 % of the Spanish and Portuguese plots
belonged to FPT “D". This highlights the importance of considering the
vertical organization of vegetation as a whole and questions the rele-
vance of using tree-based CBH for fire behavior modelling in such
ecosystems.

4. Conclusion

We proposed in this paper a method to directly derive fuel metrics
from ALS point cloud regardless vegetation type. This approach takes
full advantages of ALS three-dimensional data to capture the bulk den-
sity vertical profile, is highly generalist because it takes into account
sampling heterogeneities (i.e. variability in point cloud density), scan-
ning pattern differences and occlusion and can therefore be applied
irrespective of the LiDAR sensors devices, flying patterns or vegetation
types. The derived vegetation profiles and fuel metrics were consistent
with field data. Further research is needed to exploit more confidently
the closest-to-ground strata (0–0.5 m). Integrating plot or pixel-
dependent clumping factors for correcting fuel area estimates using
the radiative transfer approach would be a next step forward for
improving the method and will be explored in a following study.

Finally, the potential of our approach for mapping many useful
quantitative fuel load and structural metrics based on vertical bulk
density distribution was demonstrated. This approach fits well into the
recent calls of the Canadian Forest service fire danger group (2021) for
reengineering the fire behavior modelling approach by including more
flexibility in stand structure description instead of adopting generic ty-
pologies. This approach should contribute to change the paradigm of
“reference field data” at this scale of analysis and that precise
LiDAR-based approaches such as the one proposed in this study could be
used as reference data to train models based on high frequency and
high-resolution remote sensing products.
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(MITECO), and coordinated by the IGN (Instituto Geográfico Nacional).
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Appendix 1: Determining a clumping index (Ω) value for inverting transmittance into plant area density (PAD)

The clumping index Ω is used in the light transmittance Eq. (2) and describes the aggregation of vegetation in the canopy volume. At our scale of
analysis (~500m²) Ω likely varies between 0.5 (highly clumped vegetation element) to 1 (homogeneous vegetation elements) depending on vege-
tation type and cover (Chen et al., 2005). For identifying a constant Ω value for all the vegetation plots analyzed in the present study we selected the Ω
that optimizes the canopy fuel load bias of the 410 vegetation plots.

Normalized CFL bias =
1
n
∑n

i=1CFLALSi − CFLFieldi
mean (CFLALS)

In order to compare fuel load estimates in the same canopy volume the field canopy boundaries (field CBH and field mean tree height) were used
for quantifying CFLALS.

Fig. A1. Relationship between Ω parameter value and the normalized CFL bias. The vertical red line symbolizes the Ω value minimizing the normalized CFL bias (i.
e. 0.77).

Fig. A1 illustrates the relationship between the normalized CFL bias and the Ω value varying between 0.5 and 1 (0.01 step). The optimal value in
terms of bias (~0) is Ω=0.77 and is retained and remains constant for the rest of the study. It is interesting to note that the value that minimizes the
bias fall in the whole range (minimum to maximum) of literature (Ω=0.55 to 0.85 for minimum and maximum value resp.), and that overall, the CFL
bias never exceed 16 % in the range of vegetation type average literature values (Ω= 0.62 to 0.77) (cf Table 4 in Chen et al. 2005).

Further research is needed for obtaining an adaptative Ω value based on the point cloud. This would allow to reduce uncertainties due to vegetation
structure on LAD estimates but is out of the scope of the present work. This subject will be explored further in an upcoming study.
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Appendix 2: Real world bulk density profiles

Fig. A2. Example of real-world bulk density profiles of the four FPT (i.e. A, B, C and D) extracted from LiDAR data and the corresponding field-based (grey horizontal
line) and ALS-based (blue horizontal line) CBH for eight plots. The vertical dashed lines correspond to i) the relative (10 % of maximum bulk density) threshold used
to estimates the CBH in blue and ii) the absolute threshold 0.02 kg/m3 identified as the threshold minimizing the CFL bias.

Fig. A2 illustrates two different bulk density profiles for each of the four FPTs in practice. The plot profiles shown differ in terms of structure and
composition (i.e. dominance of Pinus pinea, Quercus suber, Cupressus spp or Eucalyptus globulus or mixed stand). FPT “A” illustrates how both ALS-based
and field-based CBH can be consistent in these simple plots for theQuercus suber plot example, but also how a difference> 4 m for CBH can be observed
for Pinus pinea due to i) an underestimation in the field and ii) the subjective choice of a relative threshold for the Pinus pinea plot example. As ex-
pected, FPT “B" shows a clear bi-layered profile, even though the lower profile shows a more complex structure in the canopy stratum. In these
examples, the ALS-based CBH appeared to better match the vertical structure of the plots. It is also interesting to note that using an absolute threshold
of 0.02 kg/m3 for the upper profile would result in a change of FPT from “B" to “D". FPT “C” represents a structure without continuous midstory strata
but with two fuel strata gap and two vegetation strata. The methodological choice of using the first fuel strata gap to define the canopy stratum results
in the ALS-based CBH being below the first stratum, but this is consistent with the field assessment of CBH in both cases (i.e. mixed and Quercus suber
stands). In this context, note that the canopy layer is everything above the CBH (see definition of canopy strata in Table 3), including the upper FSG,
even though there may not be enough fuel in the higher vegetation layer to spread fire. FPT “D" exhibits two different structures, “near linear" for
Cupressus spp. and “complex” for Eucalyptus globulus, but neither exhibits a gap between fuel strata as dictated by the threshold used. These continuous
profiles result in an ALS-based CBH of 0, although the structure could indicate the presence of one (or more) vegetation strata, as observed for the
Eucalyptus globulus stand and highlighted by the identification of field-based CBH of 10 m in one of these strata.

Appendix 3: Sensitivity of ALS-based metrics to different bulk density threshold values

Method

CBH, FSG, MFL, CFL and CBD values were generated on each Portuguese plot for twenty different bulk density threshold values from 0.01 to 0.1
kg/m3. The relative values of the metrics for a given threshold i (rMetrici) were used (i.e., rCBH, rFSG, rCFL, rMFL, rCBD) so that the effects of bulk
density thresholds are comparable between plots with very different metric values. For a given threshold i the relative metrics are calculated as
follows:

rMetrici =
Metrici

max
(
Metrici1,i2,i3…i20.

) (13)

with Metrici the value of a fuel metric in a plot for threshold i.
In order to visually observe the sensitivity of metrics to threshold value, the relationships between bulk density threshold value and rMetrici were

fitted using general additive models (gam).

Results

Results are illustrated on Fig. A3. An overall positive trend is observed for CBH, with rCBH varying by a factor of two (i.e. 0.5 to 1) in the range of
the bulk density threshold tested (i.e. 0.01 to 0.1) for all profile types but particularly evident for profile type “A” and “C", with larger fluctuation for
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the latter (i.e. large confidence interval). The bi-layer profile type “B" presents a weaker response because CBH is identified either on the lower or on
the upper strata depending on the threshold. The profile type “D" also showed a weaker trend likely due to the same reason. Very similar trends for all
profile types are observed for rFSG (but varying by a factor of ~3), which was expected as CBH and CFL are closely related. rCFL overall decrease for
all FPT due to a shortening in canopy volume because of increasing CBH. The trend is particularly clear for simple FPT (i.e. “A”) and absent for profile
type B likely due to the same behavior of CBH identified in the lower of upper strata depending on threshold values. An overall inverse trend is
observed for rCBD because as CBH increases the canopy volume decreases leading to high fuel load density. rCFL and rCBD presents overall less
sensitivity than rCBH and rFSG and vary by a factor of ~1.5. rMFL decrease as the threshold increases because of a reduction of the midstory volume
for all FPT except “C". A very steep decrease to rMFL = 0 is observed for FPT “A" corresponding to profiles without understory at 10 % maximum bulk
density threshold. This indicates that almost all FPT “A" do not have midstory strata when a threshold value of ~ 0.03 kg/m3 is considered.

Fig. A3. Sensitivity of five fuel metrics to the bulk density threshold used (from 0.01 to 0.1). The lines represent a generalized additive model (Gam) smoothing
function and the shaded area is the 95 % confidence interval. For each plot, the relative values of the metrics are used (i.e., rCBH, rFSG, rCFL, rCBD, rCMFL) so that
the effects of threshold are comparable between plots with different metric values. Each profile type (Fig. 3) based on a 10 % bulk density threshold is shown
separately (color scale).

Data availability

The package LidarForFuel developed in the context of this study is
available on the github repository: https://github.
com/oliviermartin7/LidarForFuel. DOI: 10.5281/zenodo.14261023.
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Soudzilovskaia, N., Spasojevic, M.J., Swaine, E., Swenson, N., Tautenhahn, S.,
Thompson, K., Totte, A., Urrutia-Jalabert, R., Valladares, F., van Bodegom, P.,
Vasseur, F., Verheyen, K., Vile, D., Violle, C., von Holle, B., Weigelt, P., Weiher, E.,
Wiemann, M.C., Williams, M., Wright, J., Zotz, G., 2022. The global spectrum of
plant form and function: enhanced species-level trait dataset. Sci Data 9, 755.
https://doi.org/10.1038/s41597-022-01774-9.
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LiDAR H.D. | Géoservices [WWW Document], 2024. URL https://geoservices.ign.fr/l
idarhd#telechargementclassifiees (accessed 10.22.24).

Lin, Y., West, G., 2016. Retrieval of effective leaf area index (LAIe) and leaf area density
(LAD) profile at individual tree level using high density multi-return airborne LiDAR.
Int. J. Appl. Earth Observ. Geoinform. 50, 150–158. https://doi.org/10.1016/j.
jag.2016.03.014.

Lines, E.R., Zavala, M.A., Purves, D.W., Coomes, D.A., 2012. Predictable changes in
aboveground allometry of trees along gradients of temperature, aridity and
competition. Global Ecol. Biogeogr. 21, 1017–1028.

Marino, E., Ranz, P., Tomé, J.L., Noriega, M.Á., Esteban, J., Madrigal, J., 2016.
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