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In Mediterranean environments, shrub vegetation is a critical driver of wildfire dynamics, contributing sub-
stantially to overall fuel loads. However, characterizing and quantifying this component remains a significant
challenge because of its 3-dimensional complexity. This study presents a density-based approach using mobile
laser scanning (MLS), equipped with Simultaneous Localization and Mapping (SLAM), derived point clouds to
characterize above-ground shrub dry mass. The retrieved density metric was employed as a fuel load predictor
for linear, polynomial, k nearest neighbour (KNN), and support vector machine (SVM) regression models. Field
campaigns provided diameter-based fuel classifications and physical parameters (e.g., dry/fresh weight, mois-

ture) for models validation. Results highlighted stronger correlations for fine fuel classes (diameter < 2.5 cm),
which are more prone to fire risk, underscoring the method’s potential to enhance wildfire prevention through
accurate, scalable fuel characterization in complex Mediterranean landscapes.

1. Introduction

In the Mediterranean region, fire is considered as a natural compo-
nent of environment dynamics (Chuvieco, 2009; Keeley et al., 2011).
Yet, the increasing wildfire frequency and severity of last decades (San-
Miguel-Ayanz et al., 2024), partly due to intensification of extreme
climate patterns (i.e. hotter and drier conditions) (Tejedor et al., 2024;
Turco et al., 2014, 2018), is raising critical ecological, landscape and
socio-economics concerns (Iglesias et al., 2022; Mayor et al., 2016;
Wunder et al., 2021). High vegetation productivity of the Mediterranean
environment, characterized by drought-adapted, highly-flammable,
dense, mixed forests, understory and shrublands, contributes to the
critical aboveground fuel loads - i.e. fuel dry mass per unit area — that
amplify fire risk in this region (Castedo-Dorado et al., 2012; Hudak et al.,
2020; Martins Fernandes, 2001; Pereira et al., 1995). Effective preven-
tion and firefighting strategies, including mechanical fuel reduction and
prescribed fire, primarily target shrubby/understory vegetation, which
often constitutes the majority of the aboveground fuel complex (Agee
and Skinner, 2005; Aubard et al., 2020; Castedo-Dorado et al., 2012;

Fernandes and Rigolot, 2007; Herzog et al., 2022). Since the strong in-
fluence that fuel load has on fire behaviour, shrubby/understory vege-
tation characteristics, including its quantity, three-dimensional (3D)
spatial distribution, and flammability predominantly affects spread,
intensity and flame length of fires (Alonso-Rego et al., 2020; Emery and
Hart, 2020; Herzog et al., 2022; Marino et al., 2018). Among the main
four groups of fuel according to Anderson (1982) — i.e. grass, shrub,
slash, and timber - shrubby vegetation (including understory) is the
main contributor to intensity and spread of fire, and to the transition
from surface fire to crown fire (Morvan and Dupuy, 2004; S. M. Ritter
et al., 2023). Within the Fuel Characteristic Classification System (FCCS)
(Prichard et al., 2013), the shrub stratum represents a distinct and well-
defined vertical layer of the fuelbed.

Accurate shrub fuel load assessments is thus essential for analysing,
modelling, and predicting fire behaviour (Arroyo et al., 2008; Brown,
1982; Gonzalez-Olabarria et al., 2023; Labenski et al., 2023; Martins
Fernandes, 2001), impact, regime (Moreira et al., 2023) and emissions
(Herzog et al., 2022; Hudak et al., 2020). However, this effort is rela-
tively challenging, since the shrubby vegetation mass is less reliable to
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sample with indirect methods compared to arboreal stratum, for which
few dendrometric measures (height and diameter) are sufficient to feed
well-established allometric models (Adhikari et al., 2024; De Luca et al.,
2023). Field-based destructive sampling, involving the harvesting and
direct weighing of understory and shrubby/understory vegetation, re-
mains the most accurate solution for determining fuel load, offering
high-detail results. However, its labor-intensive and time demanding
nature limits its feasibility (Borsah et al., 2023; Brown, 1974, 1981;
Gould et al., 2011; Herzog et al., 2022; Hudak et al., 2020; Li et al., 2017;
Sikkink and Keane, 2008; Stefanidou et al., 2020). Light Detection and
Ranging (LiDAR) technology has overcome most these issues, becoming
even more frequent for several forestry applications (Borsah et al., 2023;
Coops et al., 2021). It relies on high frequencies near-infrared pulses
radiated by an active system which accurately measure distances be-
tween the sensor and surrounding objects from which it is possible to
retrieve high-detailed 3D structural attributes of vegetation (Borsah
et al., 2023; Ghimire et al., 2017; Hillman et al., 2021a; Hudak et al.,
2020; Ryding et al., 2015; Wallace et al., 2022; Xi et al., 2023). Mobile
laser scanning (MLS) systems combine LiDAR technology with an iner-
tial measurement unit (IMU), leveraging simultaneous localization and
mapping (SLAM) algorithms to maintain accuracy without relying on
global navigation satellite system (GNSS). These ground based hand-
portable systems can be operated by a single user, enabling rapid and
flexible vegetation scanning, even in complex 3D scenarios like forest
understory and shrubs environments. This feature reduces occlusion
issues common to the static ground-based systems - i.e. terrestrial laser
scanning (TLS) (Borsah et al., 2023; Cabo et al., 2018; Chiappini et al.,
2022; Gollob et al., 2020; Kiikenbrink et al., 2022; Wallace et al., 2022).
With its high-density scanning rate, MLS offers a practical trade-off
between labour intensity, time efficiency, area coverage, and result
quality (Cabo et al., 2018; Chiappini et al., 2022; Hoffrén et al., 2024b,
2024a; Kiikenbrink et al., 2022; Latella et al., 2022). To the best of our
knowledge, despite its potential, among the few studies integrating
point clouds and ground-based data to describe forest fuels (Alonso-
Rego et al., 2020; Herzog et al., 2022; Hudak et al., 2020; Rowell et al.,
2020; Stefanidou et al., 2020) only a limited number of them have
applied MLS (Hoffrén et al., 2024a, 2024b). More experiments
addressing complex Mediterranean fuel load are thus required. Some
studies have instead focused the structural reconstruction and charac-
terization of understory and shrubs from ground-based LiDAR point
clouds, via piecewise segmentation (Adhikari et al., 2024; Calders et al.,
2018; Chiappini et al., 2022; Ferraz et al., 2012; Xi et al., 2023), and/or
voxelization (Alonso-Rego et al., 2020; Ferrara et al., 2023; Hillman
et al., 2021b; Rowell et al., 2020; Wallace et al., 2022; Wang et al., 2021;
Xu et al., 2021), or volume approximation through allometric equations
(Ghimire et al., 2017), or else require uniformity in forest tree and crown
structures, with an exclusive occupation of space by individual trees,
without occlusion by shrubby/understory vegetation (Cabo et al., 2018;
Ghimire et al., 2017; Kiikenbrink et al., 2022).

Adapting these strategies to retrieve information from fine under-
story vegetation remains a critical issue, particularly in high-density
conditions. Dense shrubby/understory vegetation amplifies variability
in point density, survey duration, operator technique, and SLAM-based
LiDAR limitations, resulting in significant discrepancies in biomass
volume estimation (Gollob et al., 2020). Furthermore, traditional pro-
cessing methods that rely on point segmentation often involve multiple
operational steps, making them time-consuming and labor-intensive. In
fact, the irregular shape and dense foliage of shrubs often hinder accu-
rate segmentation and branch volume estimation, resulting in incon-
sistent outcomes (Chiappini et al., 2022; Gollob et al., 2020; Kiikenbrink
et al., 2022; Ryding et al., 2015). In such cases, alternative descriptive
metrics might more effectively characterize this complex stratum for
accurate fuel load estimation. Metrics derived from LiDAR data,
including average and variance in height and canopy relief ratio, when
combined with segmentation and voxelization techniques, have been
proposed as potential predictors of field-based biophysical vegetation
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characteristics. These relationships are often explored through statistical
methods, such as traditional linear regression (LR) or machine learning
approaches (Li et al., 2017) to estimate fuel load. Alternatively, point
density analysis offers a distinct approach to modelling these biophysi-
cal attributes. For instance, Ferrara et al. (2023) successfully employed
point density metrics in regression models to characterize and map
understory vegetation from both voxelized terrestrial and aerial laser
scanning data. Similarly, Gollob (Gollob et al., 2020) and Ritter et al. (T.
Ritter et al., 2017) adopted a point density-based spatial clustering al-
gorithm to identify trees stands and calculate distances between trees
using MLS in forestry inventories.

In this study, a point density-based metric was developed to refine
mesh-derived volume and proposed as predictor for dry weight of
shrubby vegetation—the primary parameter for fuel load estima-
tion—while accounting for the variability of complex Mediterranean
shrubby and understory structures that often challenge traditional seg-
mentation methods. Four regression models of varying complexity were
compared: linear regression, polynomial regression, k-nearest neighbors
(KNN), and support vector machine (SVM). Ground-truth references
were collected using a destructive sampling approach, from which
diameter-classified shrubby vegetation was weighed and oven-dried to
determine dry weight.

2. Materials and methods
2.1. Study sites

Two study Sites (Fig. 1), representative of the considerable vari-
ability, in terms of species composition, planimetric distribution, and
fuel load, of Mediterranean ecosystems, were investigated. The first site
— PF (Porto Ferro) — is a flat terrain stand located in the northwest
(Sassari province, Sardinia, 40°40'11"N 8°12'07'E), dominated by Stone
pine (Pinus pinea L.) with an understory of mastic tree (Pistacia lentiscus
L.). The second site is a steep terrain stand in the western part of Sardinia
- MG (Monte Grighine) — (Oristano province, Sardinia, 39°54'38'N
8°50'33"E), dominated by Black pine (Pinus nigra L.), Radiata pine (Pinus
radiata L.) with an understory consisting of cork oak (Quercus suber L.),
tree heath (Erica arborea L.), strawberry tree (Arbutus unedo L.), privet
(Ligustrum vulgare L.), rock-rose (Cistus salviifolius L.), myrtle (Myrtus
communis L.), broom (Cytisus scoparius L.).

Both sites were treated with the goal of creating (PF site) or
expanding (MG site) shaded fuel breaks for mitigating wildfire propa-
gation — i.e. linear fuel-treated areas strategically designed to apply
preventive silviculture, aimed at reducing fuel load and flammability
while maintaining a minimal supply of herbaceous and shrub vegetation
alongside trees covers (Ascoli et al., 2018). Following the completion of
field surveys (Sections 2.2 and 2.3), a vegetation thinning treatment
targeting a 30 % reduction was planned at both sites.

2.2. Field data collection

Field measurement campaigns were conducted in March 2023 to
collect data on above-ground shrubby vegetation through six destructive
sampling plots per study area (PF and MG), for a total of twelve plots.
Sampling excluded tree canopy fuels, ground-accumulated downed dead
fuels (e.g., litter, woody debris), and herbaceous fuels. Although
standing shrubby dead fuel was initially intended for inclusion, it was
absent from the study areas. Plot selection and sizing (sizes varied from
4 m? to 64 m? — Table 1) were guided by local variability in vegetation
density and composition, aiming to capture representative structural
diversity. We defined 4 m? as the minimum functional sampling unit (i.
e., assumed as the minimum area in which a single shrub could be fully
included), and plots were delineated, where possible, as multiples of this
unit based on the smallest representative structural and compositional
patterns observed. In areas with simpler vegetation patterns, 4 m? plots
were sufficient, whereas more heterogeneous sites required larger plots
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Fig. 1. Study sites.
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Table 1
Direct and undirect measurements retrieved from field data.
Plot Area Diameter class Dry weight Dry Fuel Load
m? Class kg kg/m>
MG1 11.4 I1(<1 cm) 20.7 1.8
I (>1; <2.5 cm) 9.9 0.8
I (>2.5; <7 cm) 9.2 0.8
IV (>7 cm) N/A N/A
MG2 8.6 I1(<1cm) 6.5 0.8
I (>1; <2.5cm) 2.6 0.3
III (>2.5; <7 cm) 8.9 1.0
IV_(>7 cm) 1.5 0.2
MG3 11.8 I1(<1cm) 12.2 1.0
I (>1; <2.5 cm) 6 0.5
III (>2.5; <7 cm) 4.1 0.4
IV (>7 cm) 1.2 0.1
MG4 39.6 I1(<1 cm) 26.4 0.7
II (>1; <2.5 cm) 9.7 0.2
III (>2.5; <7 cm) 12.7 0.3
IV (>7 cm) 9 0.3
MG5 33.0 I1(<1 cm) 27.8 0.8
II (>1; <2.5 cm) 11.7 0.4
1II (>2.5; <7 cm) 20.2 0.6
IV (>7 cm) 0.7 0
MG6 64.9 I1(<1 cm) 36.3 0.6
I (>1; <2.5 cm) 15.6 0.2
III (>2.5; <7 cm) 20.7 0.3
IV (>7 cm) 20.9 0.3
PF1 20.2 I1(<1cm) 17.1 0.8
I (>1; <2.5 cm) 5.2 0.3
III (>2.5; <7 cm) 8.3 0.4
IV (>7 cm) N/A N/A
PF2 36.1 1(<1 cm) 28.5 0.8
I (>1; <2.5cm) 12.3 0.3
III (>2.5; <7 cm) 4.5 0.2
IV (>7 cm) N/A N/A
PF3 4.0 1(<1 cm) 5.9 1.5
II (>1; <2.5 cm) 2.0 0.5
II (>2.5; <7 cm) N/A N/A
4 (>7 cm) N/A N/A
PF4 13.9 I1(<1 cm) 8.6 0.6
II (>1; <2.5 cm) 3.5 0.3
III (>2.5; <7 cm) 3.5 0.2
IV (>7 cm) N/A N/A
PF5 19.3 I1(<1 cm) 17.0 0.9
I (>1; <2.5 cm) 15.3 0.8
III (>2.5; <7 cm) 39.2 2.0
IV (>7 cm) N/A N/A
PF6 11.8 I1(<1cm) 11.4 1.0
II (>1; <2.5 cm) 4.5 0.3
III (>2.5; <7 cm) 1.9 0.2
IV (>7 cm) N/A N/A
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to adequately capture structural and compositional variability. Final
plot sizes also represented a compromise between ecological represen-
tativeness and practical feasibility, given the rugged terrain and dense
vegetation characteristic of these environments.

Vegetation was removed using scissors and shears, grouped by spe-
cies, and classified based on diameter (&) range: (i) class I: @ < 1 cm; (ii)
classIl: 1 cm < @ < 2.5 cm; (iii) class III: 2.5 cm < @ < 7 cm; (iv) class IV:
@ > 7 cm. A custom multi-gauge tool was designed for go/no-go
diameter measurements (Fig. 2). These diameter ranges were bor-
rowed from the moisture time-lag classes adopted for dead fuel and
documented by Deeming et al. (1977).

Fresh fuel samples were weighed in the field using a precision
milligram scale, and then oven-dried at 105 =+ 2 °C for 24 h to determine
dry weight and moisture content. in accordance with the UNI EN 14774-
1:2009 standard. Four classes of dry weight were thus measured for each
sampling plot in base of diameter class: DW1 (class I), DW2 (class II),
DW3 (class III), DW4 (class IV). These four classes were finally grouped
into three cumulative categories (DW1, DW1 + 2, DW1 + 2 + 3 + 4).
The latter corresponds to the total dry weight of the single plot (TDW).
In the plots where the DW4 class was not detected, the TDW was
calculated by summing only the first three classes (DW1 + 2 + 3).

The absolute sub-metric position of each plot vertex was recorded
(WGS84-UTM32, EPSG:32632) using a TOPCON Hiper HR GNSS in-
strument, corrected through real time kinematic positioning (RTK)
based on NetGEO permanent GNSS stations network (NetGEO, 2024).
Further post-processing was performed using Magnet Office™
(TOPCON, 2024) software to refine those GNSS records affected by poor
network reception.

2.3. Mobile laser scanning (MLS) data collection

Handheld MLS data were acquired before the field data sampling
using a GeoSLAM Zeb Horizon RT LiDAR instrument (FARO Technolo-
gies Inc., 290 National Road Exton, Pennsylvania 19341 — USA) which
can acquire data with a pulse repetition rate of 600 kHz, maximum scan
frequency of 10 Hz, maximum scan angle of £30° vertical scan and a full
360° horizontal scan, and has an operative range of 100 m. Scanning was
conducted for each of the 12 sampling plots (Section 2.2) using a sys-
tematic scanning trajectory. A single operator walked around each plot,
staying as close as possible to its perimeter (in compliance with the
default minimum scanning bounding box of the instrument), at mod-
erate and consistent speed. The trajectory was adapted to local acces-
sibility constraints (e.g., by following available pathways and avoiding
obstacles), while the instrument was consistently oriented toward the
center of the plot. Each plot was scanned in a single pass, following a

Fig. 2. Field measurements consisted of harvesting, grouping by species and classifying in four time-lags using a custom multi-gauge tool (left) before to proceed
with weighting fresh (right). The images are representative and were taken at other sites under investigation not included in this article.
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closed-loop path that started and ended at the same point. site, and their sub-metric positions were recorded using GNSS, as
The system automatically records a waypoint in relative coordinates described earlier. Additionally, some sample plot vertices served as
when the operator remains stationary for over 10 s during scanning supplementary GCPs.

mode. This feature simplifies cloud georeferencing when the waypoint
aligns with a ground control point (GCP) with known absolute co-
ordinates. Therefore, twelve GCPs were distributed across each study
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Fig. 3. Workflow illustrating the main processing steps applied to the point cloud data.
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2.4. LiDAR points cloud pre-processing

MLS data were pre-processed through a tailored pipeline to ensure
accurate analysis (Fig. 3). The raw point cloud, stored in LAS format,
was first imported using the Laspy library (Laspy, 2024), which effi-
ciently parses LiDAR data and represents it as NumPy arrays (Harris
et al., 2020) for optimized numerical processing. The dataset was first
cleaned and denoised using statistical outlier removal, which eliminated
points distant (Euclidean distance) from their neighbours by applying a
50-point minimum cluster size and a standard deviation ratio of 2.
Although the study areas contained tree species, these were manually
masked out from the point cloud to focus the analysis exclusively on
shrubby/understory vegetation.

Subsequently, ground points were identified and excluded using a
Cloth Simulation Filtering (CSF) algorithm (Zhang et al., 2016),
parametrized through preliminary testing (rigidness = 1; clothResolution
= 0.1; classThreshold = 0.2; maxIterations = 500; timeStep = 0.65).

2.5 Vol. ume-density model

A local point density-based model was developed to quantify spatial
variation in point cloud density and to support correlation analyses with
volumetric measurements. The processing pipeline, implemented in
Open3D (Zhou et al., 2018), began by computing local neighborhoods
within the point cloud using a KDTree-based nearest-neighbor search
(Maneewongvatana and Mount, 1999). For each point of the point
cloud, the Euclidean distance to its m™ nearest neighbour (i.e., the mt
closest point in the cloud) was calculated. The KDTree structures point
clouds into a binary tree by recursively partitioning the data along co-
ordinate axes, using the sliding midpoint rule to maintain balanced di-
visions and optimize search efficiency. Six distinct distance thresholds
(mth steps) were tested independently (m € {10, 20, 25, 50, 75, 100}),
enabling a multi-scale analysis of point density variation.

Next, for each i point in the point cloud, the distance to its m
nearest neighbor was used to define the radius (r) of a hypothetical
sphere, and the volume of the this sphere was calculated (Eq. (1). The
density for the if,}l’ sphere was then determined (Eq. (2) as the ratio be-
tween the number of points enclosed within the sphere and its volume.
The density distribution of the entire point cloud was obtained, and its
average value (pp) was calculated for each mth step (Eq. (3) after
having applied an additional filtering. Specifically, spheres with den-
sities below the 5th percentile were excluded, enabling the detection
and removal of isolated points considered as noise or outliers.

th

Vi, =g, )
n;
= 2
plm Vim ( )
1 N
ﬂplot,,, = ITI Zpim 3

where Vi, is the volume of the i sphere — centered at the it point of the
point cloud - calculated adopting the distance from the i point of its m™
nearest neighbor as radius (r); pin, is the density of the i sphere for the
specific m™ step; ni, the number of points contained within the i}
sphere; and N is the total number of points in the point cloud after
filtering out spheres with densities below the 5th percentile.
Separately, a wireframe model was constructed using the Delaunay
triangulation (Ito, 2015) applied to the point cloud, enabling the esti-
mation of the volume (Vp) of the 3D objects it contains. The pyjo; m values
were then multiplied by the Vp of the corresponding sampling plot (Eq.
(4). The result is an adjusted number of points (N)) for the point cloud
over the extent of the sampling plot, computed for each m™ step, which
serves as the independent variable in the predictive models developed in
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the subsequent sections.

NPm = Pplot,,” VD C))

2.6. Predictive models

A multivariate pairwise statistical analysis was conducted between
Npm (independent variable) and the field-based fuel dry wight classes
(DW1, DW1 + 2, TDW) as preliminary exploratory correlation assess-
ment. A linear ordinary least squares (OLS) model was employed for this
purpose.

Subsequently, predictive modelling analysis was carried out by
implementing and comparing four different regression models: linear
regression (LR), second-order polynomial regression (PL), k-nearest
neighbours (KNN), and support vector machine (SVM) (Cortes and
Vapnik, 1995; Vapnik, 1998).

In this study, the KNN parameter k was set to 2; the SVM regression
module (SVR), integrated into Scikit-Learn Python module (Pedregosa
et al., 2011), was used with kernel set to linear and the regularization
parameter C set to 0.1.

For each of the four regression models, the three dependent varia-
bles—DW1, DW1 + 2, and TDW—were tested individually. The set of six
Npn values served as the independent variables in the multivariate
analysis.

Normalizing datasets is known to enhance the performance of ma-
chine learning algorithms (Angelov and Gu, 2019; Subasi, 2020), as it
reduces disparities in magnitude and distribution across variables. In
this study, the independent variables were normalized as defined by the
Eq. (5):

X — Xmmin

X = X —Xom ®

where X' is normalized data, X, is minimum value of the dataset Xy is
the maximum value of the dataset.

2.7. Training and validation

Due to the limited number of training samples, we performed an
iterative training-validation approach, maintaining a 70-30 random
split between training and validation sets. In each iteration (100 per
regression model), a different combination of samples was used, and the
final performance metrics were reported as the average across all iter-
ations. Two scenarios were tested: one involving data from all twelve
sampling plots, and another excluding two plots (MG5 and PF6), in
which the structural characteristics of vegetation were deemed subop-
timal and marginally representative, mainly due to the amount and
distribution of larger-diameter wood from diameter classes III and IV.

The root mean square error (RMSE; Eq. (6) and mean absolute error
(MAE; Eq. (7) were computed as accuracy metrics, along with the
Pearson correlation coefficient, the coefficient of determination (R?; Eq.
(9), and a p-value with a 95 % confidence level to assess the statistical
significance of the results. The RMSE quantified the average magnitude
of the prediction error. The MAE measures the average magnitude of
errors in the predictions, providing an intuitive sense of the model’s
accuracy. Indicates the proportion of variance in the dependent variable
that is predictable from the independent variables, giving a measure of
goodness-of-fit.

RMSE = \/%Z,; v-y? ®)

1 ~
MAE = —% 0y -7l %)
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where n is the number of observaitions, y; are the observed values, ¥ is

the mean of the observed values; y; are the predicted values, /y\ is the
mean of the predicted values.

The validation and training pipeline was developed using Statsmo-
dels (Seabold and Perktold, 2010) and SciPy (Virtanen et al., 2020).

3. Results
3.1. Field data analysis

Field-based measurements reveals noteworthy patterns in above-
ground shrubby fuel accumulation across different time-lag fuel clas-
ses, as summarized in Table 1.

Among the class I, plot MG1 exhibits the highest dry fuel load, with
1.82 kg/m? — indicating a substantial accumulation of fine fuels. In the
class II, MG1 again shows the highest value (0.87 kg/mz), followed by
plot PF5 (0.79 kg/m?). For the class III, PF5 records the highest dry fuel
load at 2.03 kg/m? — the highest observed across all fuel classes — fol-
lowed by MG2 with 1.03 kg/m?2. In the class IV, plot MG6 recorded the
highest dry fuel load, with a value of 0.32 kg/m?

From the Table S1 (supplementary material) it is also evident that the
sampling plots demonstrate considerable variability in species compo-
sition. The plots with the richest species diversity belong to the Monte
Grighine site (MG1 and MG6), each hosting six species, whereas MG2
and PF1 have the lowest diversity, with only two species each. Overall,
the Monte Grighine site is characterized by greater species diversity and
a more defined planimetric structure, comparable to a biplane model. In
contrast, the Porto Ferro site is dominated by low-height shrublands. A
noticeable feature observed in PF1, PF2, PF3 and PF6 plots is the
accumulation of dry needles from pine trees (forming the upper domi-
nant canopy) on the shrubs beneath (Fig. S1).

3.2. LiDAR data processing and descriptive analysis

Descriptive variables of the LiDAR point cloud for each sampling
plot, including the number of points before and after the filtering process
and the number of points representing above-ground biomass after
ground component removal, are summarized in Fig. 4. The Fig. 4 also
includes pp, values (calculated for each m step) and average volume
(Vp) of the plot.

The initial number of points ranged from 1.36-10° (PF5) to 1.04-107
(MG6), indicating substantial variability in point cloud size likely
influenced by differences in canopy structure, ground cover, or acqui-
sition parameters. Preprocessing procedures, which involved filtering
ground points and outliers, resulted in a modest reduction in point
counts, with final values closely mirroring the originals (e.g., MG1:
2.52.10° to 2.49-10%), suggesting a modest data reduction.

The wireframe volumes (Vp) varied substantially between plots,
from 3.9 m® (PF3) to 41.3 m® (PF2), directly influencing point density
estimates. The computed point densities (ppiop), reflect this relationship
and scale accordingly with subsample size. Across all plots, pplo: values
consistently increased with reduced sampling extent, reflecting the ex-
pected inverse relationship between area and density due to local
different point aggregation. The highest observed density was in MG6
(4.22:10° n/m? at 100 m®), indicative of a structurally complex canopy
or dense vegetation layer, while lower-density plots such as PF5 and PF6
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exhibited reduced values across all steps.

The number of points within each defined sampling unit followed a
predictable increasing trend across steps, confirming both internal
consistency and appropriate scaling of the LiDAR data. For example, PF2
exhibited a progressive increase from 1.09-10° points at step 10 to
3.26-107 points at step 100. Across the dataset, MG generally exhibited
higher absolute point counts and densities compared to PF, although
notable exceptions exist (e.g., PF2), highlighting potential influences of
local vegetation structure or topographic variation.

The distributions of pp; values at the 10 m® step are shown in
Figs. 5-6, comparing original point clouds with filtered data (5th
percentile outlier threshold, Section 2.5) illustrating density patterns
across plots and the effect of the filtering process on mean density
values. In Monte Grighine, point density distributions exhibit an expo-
nential decreasing trend, with lower density classes prevailing. Median
densities range from 859,079 points/m® (MG4) to 1,238,204 points/m>
(MG5). MG5 and MG6 show higher frequencies in the lowest density
classes, while MGl and MG2 display more uniform distributions.
Filtering primarily affected the lowest density class, increasing median
densities by 6 % to 8 % (e.g., MG2: +106,393 points/m°). In PF, dis-
tributions follow a similar exponential trend but with generally lower
values. Median densities range from 555,636 points/m3 (PF5) to
1,131,934 points/m® (PF3). Filtering again impacted only the lowest
density class, raising median densities by 6 % to 9 % (e.g., PF3: 8,234
points/m3).

Spatial distribution of p,jo across the 3D XYZ space was also plotted
(Figs. 7-8), through uniform cubic bins (0.5 m) to improve 3D visuali-
zation. In Monte Grighine, a higher py, values are observed toward one
side (x-axis) for the MG1, MG2, MG4, and MGS5 plots. MG3, on the other
hand, shows higher density in the upper part of the structure. MG6 ex-
hibits a polarized density distribution along the y-axis, with higher
density toward x-axis direction and lower density in the opposite di-
rection. Porto Ferro displays a more heterogeneous distribution
compared to Monte Grighine. The common feature of both sites is the
concentration of pyjo values in the outer extremities of the vegetation.

In Fig. 9, the scatter plots describing the linear relationship between
normalized N, and field-based fuel classes are presented. It is observ-
able that the finest fuel class, DW1, demonstrates the best performance
in terms of R2, Pearson’s correlation coefficient, and p-value. Specif-
ically, the R2 value for DW1 in all considered steps is consistently of
0.77-0.76, the Pearson’s correlation coefficient is 0.89-0.88, and sta-
tistical significance is observed in all cases. In contrast, for the other two
classes, a progressive decline in performance parameters is evident. For
the DW1 + 2 class, the R2 value ranges around 0.70, the Pearson’s co-
efficient around 0.83. Regarding the performance parameters for the
TDW class, the Pearson’s coefficient and R? remain consistently at 0.79
and 0.62 respectively.

Frequency analysis and correlation provide insights into the struc-
tural conformation of the plot. By utilizing the mean plot density (pplot)
and examining its correlation with various fuel classes, alongside the
density distribution histogram, conclusions can be drawn about the
plot’s structure and stratification. For example, a stronger correlation
with the 1-hour fuel class (compared to larger fuel classes or the total
plot weight) suggests that lower-density points correspond to this fuel
class. This relationship is supported by histograms, where lower-density
points are observed to be predominant.

3.3. Predictive models

Considering the application of the four models (LR, PL, KNN, and
SVM) across six m steps, three dependent variables (DW1, DW1 + 2, and
TDW), and two different datasets (10 and 12 plots), the performance
outputs of the resulting 24 models are reported in Table 2 and Table 3.

When analysing the results for the dataset containing 12 plots, the LR
model consistently outperformed others across all combinations,
achieving relatively high R? values, ranging from 0.80 for DW2, 0.85 for
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TDW, and 0.86 for DW1. In terms of RMSE, the values showed signifi-
cant variability. Among the classes, DW1 achieved the lowest RMSE
values, ranging from a minimum of 4.03 kg (LR) to a maximum of 10.91
kg (SVM). Conversely, the highest RMSE values were observed for the
TDW class, ranging from 10.68 kg (LR) to 26.52 kg (SVM). Analyzing the
MAE, DW1 once again displayed the lowest values, ranging from 3.39 kg
(LR) to 6.05 kg (PR), while TDW presented significantly higher perfor-
mance parameters, with values ranging from a minimum of 7.14 kg
(linear model) to a maximum of 19.48 kg (SVM model). Observing the
results for the dataset with 10 plots, a significant improvement was
noted in all R%, MAE, and RMSE. In particular, the best estimates were
obtained using the linear model for the DW1 fuel class, where R2
reached 0.98, MAE was 0.66 kg, and RMSE was 1.14 kg. The worst re-
sults were observed for the TDW variable, where R? values ranged from
a minimum of 0.25 (PR) to a maximum of 0.86 (LR), MAE varied from
4.1 kg (LR) to 10.92 kg (KNN model), and RMSE showed values ranging
from 5.74 kg (LR) to 13.12 kg (PR). A performance analysis of the
regression models was further represented using Taylor’s diagram
(Fig. S2) in supplementary materials, a graphical tool that provides a
concise statistical summary of how well patterns or fields match each
other.

4. Discussion
4.1. Field-based sampling

Accurate fuel load measurements in Mediterranean environments
pose significant challenges due to the complexity of forest understory
and shrub vegetation. MLS offers a highly reliable and rapid method for
collecting forest structure data, often comparable to detailed field-based
measurements, but its effectiveness can be limited in areas with highly
complex vegetation (Chiappini et al., 2022; Vatandaslar and Zeybek,
2021). In fact, the irregular shape and dense foliage of shrubs often
hinder accurate segmentation and branch volume estimation, resulting
in inconsistent outcomes. Consequently, many authors opt to exclude
these elements for simplicity rather than derive uncertainty from their
precise representation (Chiappini et al., 2022; Gollob et al., 2020;
Kiikenbrink et al., 2022; Ryding et al., 2015). Effective destructive
sampling remains critical to building a robust empirical model for
converting point clouds into physical estimates of shrub and understory
fuel bulk density (Hudak et al., 2020; Pereira et al., 1995). The dense
and heterogeneous vegetation in this study required adopting this
sampling method, estimating shrub biomass through weight measure-
ments in proportional size-varying sampling plots. The potential effect
of plot size on fuel load variability could not be formally assessed in this
study. However, results do not show a direct or proportional relationship
between plot size and dry fuel load (Table 1), suggesting that the
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observed variability is not primarily driven by plot size differences
(4-64 m?). Future validation of the density-based method proposed here
may benefit from exploring more systematic and standardized plot de-
signs. For example, approaches based on 3D fuel load plotting—such as
those developed by Hawley et al. (2018) and later applied by other
scholars (e.g., Hudak et al., 2020; Rowell et al., 2020) — represent an
interesting option that could facilitate cross-study comparisons and
support consistent spatial referencing.

Adopting diameter thresholds from the time-lag classification of
Deeming et al. (1977) for live fuels provides a practical and recognizable
framework for describing shrub architecture and interpreting biomass
distribution, while also facilitating comparison with existing studies.

Fuel load measure is also more representative than total weight. For
example, although MG6 presents the highest weight for diameter class I,
suggesting it could contribute heavily to fire behavior, the higher fuel
load density found in MG1 makes this plot potentially more dangerous
despite its lower total weight compared to MG6. This combination of
high quantity and dense distribution underscores its critical role in fire
dynamics, making it a priority for fire risk management. The highest fuel
load founded in MG1 is particularly alarming, indicating a significant
potential for intense fire activity if ignited. In summary, while MG6
consistently shows the highest total fuel weight in several categories,
MG1 and PF3 pose greater fire risks due to their higher fuel load den-
sities. This highlights the importance of considering both total weight
and fuel load when assessing fire hazards, as high-density fuels like those

10

in MG1 and PF3 can lead to more severe fire behavior, even when their
total weight is not the highest. The class IV, characterized by larger and
slower-drying fuels, presents a distinct scenario. In this class, MG6 ex-
hibits the highest total weight at 35.3 kg. However, its fuel load, at 0.5
kg/m?, is relatively moderate. This indicates that while MG6 contains a
substantial quantity of fuel, it is less densely packed compared to other
classes, potentially lowering its immediate fire risk. Table S1 highlights
substantial variability across plots, not only in fuel load but also in
species composition. This diversity might be essential to maximize the
generalizability of the approach across such structurally and composi-
tionally heterogeneous environments. On the other hand, future studies
will aim to establish species-specific correlations, acknowledging that
burn characteristics are closely tied to fuel composition (Herzog et al.,
2022). Achieving this objective will require supplementary data, such as
RGB imagery integrated with MLS sensors, to enhance species differ-
entiation (Bright et al., 2016).

4.2. LiDAR analysis

The results demonstrated that fuel load can be effectively predicted
through regression modelling of MLS data. For instance, fuel load is
readily obtained by dividing the predicted DW by the corresponding plot
area. As a prominent observation, although effective accuracy was
reached in all experimented cases, it has been noted that regression
analysis performance decreases as the diameter class increases. This was
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also corroborated by the more reliable estimates retrieved from models
when 10 plots considered instead of 12, with lower standard deviation
values and an increased correlation coefficient (R), particularly for the
DW1 class. One of the main feature of the two removed plots was that
most of the areas include larger diameter classes. A similar trend was
noted by Hudak et al. (2020), where a comparable pattern of fit was
observed. In their study, a log-type scatter plot revealed a strong cor-
relation between finer fuel loads and TLS-derived point density. As in
the present study, this limitation was primarily attributed to the

11

insufficient number of observations for larger diameter fuel classes in
the training dataset—only a few detections were available from a single
plot—while finer fuel classes were more consistently represented, albeit
referring to dead and downed fuels. One potential source of error could
be the difficulty in detecting shrub trunks with LiDAR pulses, as these
are often located at the base of the plant and obscured by dense foliage.
From a fire risk perspective, however, this limitation is less critical, as
the finer fuel classes (diameter classes I and II) are the primary con-
tributors to fire susceptibility. This rationale underpins the adoption of
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cumulative dry weight (DW) metrics in this study. Additionally, the
findings suggest that finer vegetation plays a major role in contributing
to fuel structure in terms of volume. Nonetheless, further research is
necessary to enhance the MLS capacity to detect biomass in the higher
diameter classes, thereby improving the accuracy of wildfire behavior
prediction models. Innovative approaches, such as clustering point
clouds by density and tailoring modeling processes to specific diameter
classes, could provide more refined training data for predictive fuel
models, ultimately advancing wildfire risk assessment.

12

Linear regression resulted to be the most reliable predictor in this
study. The R? values were consistent with those observed by Herzog
et al. (2022), who used linear regression to predict shrub fuel load by
correlating TLS voxelization with field-derived fuel densities. Similarly,
the R? values aligned with Lin et al. (2024) who implemented multi-
linear regression to estimate fuel load in a Mediterranean context, using
the Brown et al. (1982) fuel classification protocol and derived struc-
tural metrics. While the prediction accuracy for the diameter class I was
slightly lower (—0.04-0.04-0.04 Rz), the use of airborne LiDAR in their
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Table 2
Performance parameters related to Models. Analysis conducted considering all
plots.

Dependent Variable Model R? MAE RMSE
kg kg
TDW Linear 0.85 7.14 10.68
KNN 0.67 11.49 15.97
SVM 0.1 19.42 26.52
Polynomial 0.3 18.67 23.32
DW1 Linear 0.86 3.39 4.03
KNN 0.65 5.23 6.47
SVM 0 7.14 10.91
Polynomial 0.52 6.06 7.59
DW1 + 2 Linear 0.8 5.31 6.57
KNN 0.6 7.94 9.4
SVM 0.09 11.45 14.16
Polynomial 0.42 10.01 11.33
Table 3

Performance parameters related to Models. Analysis conducted excluding MG5
and PF6 plots.

Dependent Variable Model R? MAE RMSE
TDW Linear 0.86 4.1 5.74
KNN 0.42 10.92 11.55
SVM 0.59 7.46 9.69
Polynomial 0.26 9.47 13.06
DW1 Linear 0.98 0.66 1.14
KNN 0.6 4.09 4.92
SVM 0.42 3.17 5.95
Polynomial 0.63 3.28 4.76
DW1 + 2 Linear 0.97 1.25 1.73
KNN 0.39 7.66 7.98
SVM 0.35 6.14 8.21
Polynomial 0.48 6.19 7.35

study—which is less effective at capturing fine shrubbery compared to
ground-based LiDAR—must be taken into account. A general observa-
tion is that machine learning models often require larger datasets to
avoid randomness in fitting, as highlighted by Li et al. (2017).

Ambiguities in 3D point distributions caused by dense foliage are
commonly reported (Kiikenbrink et al., 2022). However, this study
encountered a further issue in MLS surveys: the presence of pine needles
from the canopy interfering with measurements of the underlying
shrubs. This phenomenon, which, to the best of our knowledge, has not
been addressed in prior studies, is a typical challenge in Mediterranean
forests dominated by stone pine canopies and dense shrub layers,
significantly heightening wildfire risk. This interference could explain
the denser areas detected along the edges of shrub canopies. Another
plausible explanation is given by operator-dependent factors, such as
survey speed, instrument height, inclination, and trajectory, which can
significantly influence point density during MLS scans (Gollob et al.,
2020; Hoffrén et al., 2024b; Ryding et al., 2015), even when vegetation
structure remains constant (Hudak et al., 2020). These inconsistencies
hinder dataset comparability across plots, even within the same study
area. Challenges with MLS were previously highlighted by Gollob et al.
(2020), who reported that large diameters (@ > 10 cm) tended to be
underestimated, and small diameters (@ < 10 cm) overestimated. They
attributed these inaccuracies to noise in MLS point clouds, which
required ad hoc correction. Similarly, Ryding et al. (2015), addressed
this issue by filtering out @ < 10 cm objects, while Hudak et al. (2020)
utilized fine voxelization to reduce artefacts in shrub fuel scanning. The
use of proposed point density metric (p) — related to the structural parts
of vegetation — adapted to mesh-derived volume (Vgy), was aimed at
mitigating external disturbances and operator-induced biases for dry
weight estimation and, consequently, fuel load assessment. The filtering
process also provided robust denoising since it maintained fine shrub
structure (Figs. 4-5).
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Another source of uncertainty lies in the reliance on GNSS references
for cloud-to-cloud merging (Hudak et al., 2020). In forested environ-
ments, canopy cover often disrupts satellite signals, while even on flat
terrain standard topographic tools may fail to achieve sub-metric pre-
cision. Overcoming these limitations will require more robust solutions,
ideally through integrated MLS-GNSS systems.

This study was conceived as a first step toward broader validation
and the development of more robust, systematically designed datasets.
Despite encouraging results, the limited number of destructive sampling
plots constrain statistical robustness and generalizability, reflecting the
challenges of collecting high-quality data in dense Mediterranean
shrublands. Nevertheless, the framework provides stable estimates for
fine fuel classes, which are most relevant to fire spread dynamics, and
highlights the need for expanded datasets to refine predictive methods
and support state-of-the-art large-scale sampling. Future tests will focus
on diameter class-specific analyses, where each class will be modelled
based on its respective point density. Additionally, structural and bio-
physical features—such as height-related metrics and porosity—will be
considered, as they have proven effective in characterizing shrub species
during point cloud modelling (Li et al., 2017; Lin et al., 2024; Rowell
et al., 2020).

5. Conclusions

Characterizing fuel structures is essential for effective wildland fire
management, informing assessments of fire risk, behavior and severity.
Yet, in Mediterranean shrublands, the complexity and variability of
shrub fuels make this task particularly challenging. While field-based
destructive sampling remains the benchmark for accurate estimating
biomass, it is often impractical at scale due to labor intensity and cost. In
this context, MLS has emerged as a powerful tool to rapidly create 3D
digital representation of vegetation. This study introduces a local point
cloud density-based metric for fuel load characterization. The observed
correlations with field data support the potential of this density-volume
metric as a reliable alternative to conventional segmentation techniques
for predicting fuel load when integrated into regression frameworks. In
particular, results show how this approach can reliably characterize key
finer fuel classes, which are pivotal for fire behavior.

However, additional comparative experiments are needed, such as
those planned within the FIRE-RES project (https://fire-res.eu/), will be
key to refining and operationalizing this approach. Scaling up validation
efforts across broader landscapes and vegetation types will require new
reference datasets and tailored regression models. Furthermore, vali-
dation of the methods may benefit from a more systematic and stan-
dardized plot design, potentially improving consistency and
comparability across different study areas. Future work should also aim
to improve fuel load estimation by incorporating diameter-based class
differentiation allowing for more precise biomass partitioning.
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