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Abstract: Shrubland vegetation plays a crucial role in ecological processes, but its conserva-
tion is facing threats due to climate change, wildfires, and human activities. Unmanned
Aerial Vehicles (UAVs), or ‘drones’, have become valuable tools for detailed vegetation
mapping, providing high-resolution imagery and 3D models despite challenges such as
legal restrictions and limited coverage. We developed a methodology for estimating vege-
tation height, map vegetation classes, and fuel models by using multitemporal UAV data
(imagery and point clouds from the imagery) and other ancillary data to provide insights
into habitat condition and fuel characteristics. Two different random forest classification
methods (an object- and a pixel-based approach) for discriminating between vegetation
classes and fuel models were developed and compared. The method showed promise for
characterizing vegetation structure (shrub height), with an RMSE of less than 0.3 m and
slight overestimation of taller heights. For discriminating between vegetation classes and
fuel models, the best results were obtained with the object-based random forest approach,
with overall accuracies of 0.96 and 0.93, respectively. Although some difficulties were
encountered in distinguishing low shrubs and brackens and in distinguishing low-height
fuel models due to the spatial mixture, accurate results were obtained for most classes.
Future improvements include refining terrain models by including data acquired with
UAV aerial scanners and exploring different phenological stages and machine learning
approaches for classification.

Keywords: shrubland; object-based vs. pixel-based classification; vegetation classification;
fuel models classification; unmanned aerial vehicles; 3D point cloud; multispectral imagery;
plant height
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1. Introduction

Shrubland vegetation, defined as vegetation dominated by shrubs or evergreen woody
plants with a height of less than 3 m and a low proportion of herbaceous species, plays
a key role in many ecosystems worldwide, occupying more than 13% of land area [1].
This type of vegetation can occur in azonal environments, where the climate and soil
characteristics prevent the establishment of woodland, or as secondary vegetation (serial
stages of forests) occurring after perturbation such as fire or grazing [2,3]. European dry
heaths are assemblages of several sub-types of temperate shrubland defined as mesophile or
xerophile heaths growing on siliceous, podsolic soils in the moist Atlantic and sub-Atlantic
climates of plains and low mountains in western, central, and northern Europe [4]. Dry
heaths are important for biodiversity conservation and provide a great variety of ecosystem
services [5,6], as recognized by normative instruments such as the European Union Habitat
directive (Directive 92/43/EEC). Although dry heath ecosystems are important, they are
subject to many management and conservation challenges in the current scenario of climate
and global change, particularly in relation to agricultural intensification/abandonment,
afforestation, and pollution and to changes in temperature and rainfall regimes, among
others [7-10]. This situation has led to a generally unfavorable state of habitat conservation
at the European scale [11].

Wildfire occurrence is one of the key issues affecting the conservation of dry heaths.
Although inherent in the ecology of this habitat, severe and/or recurrent wildfires may
compromise the conservation of dry heaths. In this regard, surveying the structure and
composition of vegetation coverage and considering how it acts as fuel are central to the
planning, management, and conservation of this habitat [9,12,13].

Vegetation/land cover mapping and monitoring are commonly investigated using
a range of remote sensing data and techniques, depending on the target and require-
ments [14,15]. There is growing interest in this topic and a need for affordable, cost-effective,
accurate, and high-resolution products covering different aspects of vegetation coverage.
The constant upgrading and greater affordability of Unmanned Aerial Vehicles (UAVs), or
‘drones’, which include different types of lightweight aircraft and sensors, have led to the
general use of such technologies in vegetation studies at a finer scale than remote sensing
by satellites or crewed aircraft. Advances in UAVs and different processing options for
the generation and analysis of 2D and 3D products have expanded the potential charac-
terization of vegetation at an unprecedented, detailed scale. Such products include RGB
and multispectral orthomosaics, digital surface models, thermal imagery, and 3D point
clouds derived from Digital Aerial Photogrammetry (DAP), Structure from Motion (SfM),
or LiDAR [16-18]. By contrast, the use of UAVs to analyze vegetation cover suffers from
flaws such as legal restrictions, weather conditions (for the flights), and limited coverage,
among others [19-21].

Shrub formations are often difficult to access and survey because they are very dense
and/or include spiny plants. This makes the use of remote sensing techniques particularly
suitable for mapping and other types of analysis [22,23]. Several examples of shrubland
assessment by using UAV datasets have been reported in the scientific literature. RGB
orthomosaics have been used for the automatic classification of shrubland and heathland
vegetation via machine learning [24,25] and deep learning approaches [26], in some cases
even enabling the discrimination of shrub species [27]. Few experiments using hyperspec-
tral data have been conducted to date, evidently a consequence of the more costly and
complex sensors, data acquisition, and processing required [28-30].

Other studies have focused on 3D structural analyses relying on DAP SfM analysis
with RGB or multispectral nonmetric cameras [31,32], in some cases also combined with
manned aircraft LIDAR data [33] or relying exclusively on the more complex and expensive
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UAV LiDAR technology [34]. Multispectral analysis in the optic domain is also frequently
combined with 3D information on vegetation structure, either computed from SfM analyses
or from complementary LiDAR datasets [35]. Terrestrial Laser Scanning (TLS) is another
promising technology used either alone or in combination with airborne LiDAR, as seen
in several studies aimed at characterizing forest and shrubland [36—40]. However, in
addition to the relatively lower yields of TLS compared to those obtained in aerial surveys,
this approach suffers from several shortcomings when used to characterize dense, high
shrubland, related to the frequent need for repositioning to scan plots and the high chance
of occlusion due to the position of the scanner relative to the scrub stems [41].

The use of multitemporal analysis in UAV shrubland characterization is much scarcer,
and most studies have focused on monitoring shrub cover and post-fire recovery. For
example, van Blerk et al. [42] and Olsoy et al. [43] assessed the post-fire recovery of
shrubland species under different rainfall regimes in South Africa and in two experimental
common garden plots in Idaho, respectively. Another study assessed the post-fire recovery
of woody shrub coverage in SE Spain [44]. Many studies are conducted in environments
where shrub cover and development are more limited (tundra, wetland mosaics, and arid
or semi-arid rangeland) than in oceanic areas, where shrubland can reach heights of more
than 1-2 m and complete coverage of the ground is frequent.

One of the main challenges in characterizing vegetation structure using 3D data is the
difficulty in interpolating accurate Digital Terrain Models (DTMs), essential for deriving
Canopy Height Models (CHMs). Hence, dense vegetation often hampers the penetration
of laser pulses (LiDAR) or the direct view of the ground (DAP) and prevents reference
ground heights from being recorded. Thus, even if the methods used enable the accurate
delineation of the vegetation structure from above, it is very difficult to calculate shrub
height, as there is no valid reference of the ground available, particularly in low (compared
to forests), dense vegetation, as in shrublands [45,46]. Obviously, the availability of terrain
models that do not include vegetation cover would be advantageous and would facilitate a
more accurate estimation of the vegetation height and structure; however, this scenario is
restricted to very particular cases.

Considering the above-mentioned concerns, in the present study, we aimed to develop
and validate a spatially explicit methodology for characterizing shrubland structure and
composition at a detailed scale (based on imagery with a <10 cm resolution) in a complex
patterned mosaic of shrub vegetation in a mountainous environment. We used a plot
subjected to prescribed burning as the study area, and we used both remotely sensed and
field-surveyed data obtained at different times before and after the burning to exploit
phenological differences and the opportunity to capture the bare ground reference heights
without any obstacles. More specifically, we combined multitemporal UAV datasets (RGB
and multispectral) of 2D imagery and 3D point clouds, together with ancillary data (low-
density airborne LiDAR point clouds) and field data, in order to estimate the vegetation
height and distinguish vegetation types and fuel models. Regarding vegetation height,
we used SfM image reconstruction techniques and ancillary LiDAR data to calculate the
vegetation CHM. For the automatic classification of vegetation types and fuel models,
we used multitemporal and multispectral orthomosaics and the previously computed
CHM as input data in two different random forest classification methods, where the first
method (pixel-based) was based on the image characteristics at a single-pixel level and
the second (geographical object-based image analysis—GEOBIA) was based on the main
characteristics of all pixels of each image object segmented.



Forests 2025, 16, 676 4 of 23

2. Materials and Methods
2.1. Study Area

The experiments were conducted in February 2019 in an area of 6.16 ha included in a
plot burned by prescribed fire. The study area is located in the Serra de Ancares (Galicia,
NW Spain, Figure 1) on a northeast slope of elevation ranging from 500 to 680 m.a.s.l. (the
highest area in the SW of the slope and the lowest area in the NE). The slope percentages
are quite evenly distributed, varying from 40% to 55% (mean 47%), with a few locations
reaching slopes of up to 70% around several rocky ridges in the SW of the plot. As
the area was included in a program of prescribed burns, a strip surrounding the area
underwent the mechanical clearing of woody biomass to minimize the risk of wildfire

spread during burning.

4,755,500 4,756,000 4,756,500

4,755,000

N Coordinate System
0 025 05 1km WGS 1984
D Study Area A [H S N SR UTM Zone 29N (m)
EPSG 32629

Figure 1. Location of the study area. The lower map shows the location in detail: Instituto Geografico
Nacional. Ministerio de Fomento. Gobierno de Espania.
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The pre-burn vegetation cover was dominated by several shrub communities with
diverse cover and a variable height, along with scattered (frequently sub-metric) patches
of low herbaceous (grasses) and more clumped patches of bracken (Pteridium aquilinum
(L.) Kuhn in Kerst.). Hence, most of the area was covered by a mixture of dense, low
(less than 1 m high) heaths (Calluna vulgaris (L.) Hull, Erica cinerea L., Erica umbellata Loefl.
Ex. L., and Daboecia cantabrica (Huds.) K. Koch) along with other species in the families
Leguminosae (Ulex galii Planch., Ulex europaeus L., and Pterospartum tridentatrum L.) and
Cistaceae (Halimium lasianthum subsp. Alyssoides (Lam.) Greuter), frequently interspersed
with bramble (Rubus sp.) in different proportions. The densest and highest (up to 2-3 m
tall) shrub-dominated formation consisted of broom (Cytisus striatus (Hill) Rothm. and
Cytisus multiflorus (L'Hér.) Sweet) or heath (Erica australis L. and Erica arborea L.) with
variable proportions of the other above-mentioned species. These tall shrubs were more
frequent in the lower part of the plot in dense formations, but scattered tall individuals,
small clumps, and Erica arborea and E. australis were common through the area. At some
points (rocky ridges and slopes, areas of shallow soil), bare ground/rock patches also
occurred, particularly in the highest sectors of the plot.

2.2. Experimental Design and Analytical Overview

Taking into account the schedule of the prescribed burns, a series of UAV flights
was planned in order to capture multi-seasonal and close-range remote sensing, and
field surveys were conducted to capture composition and structure datasets of the shrub
coverage before burning. Hence, a total of 204 field sampling points (locations for the
acquisition of reference field data) were established for the measurement of vegetation
height and the assignation of cover vegetation classes and fuel models, as detailed below.

Shrub height was computed using multitemporal digital photogrammetry 3D data
from UAV RGB images, and reference values for validation were measured and geolocated
in the field, trying to cover the diversity of shrub structure.

Five vegetation cover classes were considered in the vegetation classification scheme,
considering the structure and assemblages of the main species (Table 1). The fuel model was
also determined using the classification developed for shrubland communities in Galicia
by Vega et al. [47], which distinguishes four custom models of woody shrub-dominated
communities (Shrub-1 to Shrub-4) and two custom models of fern-dominated communities
(Bracken-1 and Bracken-2), which, in the present study, were grouped into a single model
(Bracken). The cited classification of fuel models for woody shrubland formations is based
on the following two structural characteristics: the mean shrub height and the dead fine
shrub load (Table 2).

Table 1. Vegetation classes used in the study and their description.

Vegetation Class

Description

High shrub—heath
High shrub—broom

Low shrub

Bracken
Bare ground

Formation of high and dense shrubs (>1 m height)

dominated by Erica australis and Erica arborea

Formation of high, dense shrubs (>1 m height)

dominated by Cytisus spp.

Shrub formation diverse in coverage and low or dwarf size (<1 m height)
dominated by different woody species (Erica cinerea, Calluna vulgaris,
Pterospartum tridentatum, Halimium lasianthum, and Ulex gallii, among others) with
a variable share of herbaceous species other than bracken (Pteridium aquilinum)
Dense formations of Pteridium aquilinum

Areas with low or no vegetation coverage

(rocky habitats and bare ground)
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Table 2. Fuel model used in the study and their description according [47].

Fuel Model

Description

Shrub-1

Shrub-2

Shrub-3

Shrub-4

Bracken

Young shrub communities with low height (<60 cm) and low fuel loads or
non-senescent communities dominated predominantly by Erica umbellata, E. mackaiana,
or Cistus ladanifer.

Shrub communities with relatively small mean heights (<90 cm), although higher than
Shrub-1, but with much larger loads, especially of fine fuels (diameter < 0.6 cm).
Shrub communities with higher heights (ranging from 90 to 170) and fuel loads than the
two previous ones and with the highest load of both live and dead fine fuels, with the
latter representing about 40% of the total fine fuel load.

Adult communities mainly dominated by species of the genera Cytisus, Erica australis,
or E. arborea and Ulex europaeus, which have the highest heights (>170 cm) and largest
total and coarse fuel loads (diameter > 0.6 cm).

Dense formations of Pteridium aquilinum

The proposed fuel models for woody shrub-dominated communities represent an
increasing gradient of fire virulence and, therefore, suppression effort from Shrub-1 to
Shrub-4 [47] to consider the structural characteristics associated with each fuel model that
affect the associated fire behavior.

2.3. RPAS Data Acquisition and Preprocessing

The airborne surveys providing the study data are summarized in Table 3. A total of
four sets of images were acquired in three flights conducted on different dates, with the
aim of capturing different phenological stages for multispectral image classification and
pre- and post-fire stages for the digital surface and terrain model calculation, as detailed
below. In all cases, vertical take-off and landing (VTOL) RPAS data were used, as they
are particularly suited for the acquisition of small-area data in rough relief. For accurate
georeferencing, a set of at least 8 ground control points (GCPs) was distributed across the
flight area and their XYZ coordinates were measured with a Trimble Geo7X GNSS (Trimble
Inc.™, Westminster, CO, USA) with subsequent post-processing to obtain centimeter-
accurate positions. Flights were conducted in automatic mode under the supervision of a
ground pilot, following a previously defined single-grid flight plan.

Table 3. Flights and remote sensing datasets.

Date

RPAS

N° Pixel Size

Acquisitions (cm) Rationale

Sensor Data Type

18 April 2018
(spring, pre-burn)
13 February 2019
(winter, pre-burn)
13 February 2019
(winter, pre-burn)

15 March 2019

(early spring,

post-burn)

Phantom3 Pro
RPAS FV-8 Sony Alfa 6300,

Atyges

Parrot Four-band 1026 75 Vegetation and fuel
Sequoia multispectral ’ classification

Tokyo, Japan RGB 256 3.5 Fuel height

RPAS FV-8 Micasense Five-band 618 9.4 Vegetation and fuel

Atyges

RPAS FV-8 Sony Alfa 6300,

Atyges

™
Rede‘(il\ii i ieatﬂer multispectral classification

RGB 287 3.2 Ground reference
Tokyo, Japan

The first flight survey was conducted on 18 April 2018, with the aim of capturing
the early spring phenological stage of vegetation, using a lightweight RPAS DJI Phantom
3 Pro quadcopter equipped with the compact multispectral sensor Parrot Sequoia (Parrot
Drone, SAS, Paris, France) with four 10-bit narrow spectral bands ranging across the visible-
infrared spectrum (namely green, red, red edge, and near-infrared) and a synchronized
irradiance + GNSS + IMU sensor. The sensor also included an RGB camera, which was
not used at this stage. This flight was operated by researchers from the University of
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Santiago de Compostela. Two single-grid flight plans (due to aircraft autonomy constraints)
were executed in autonomous mode at an average height above the ground of 80 m (as a
compromise between a good data spatial resolution and the safety and yield of the mission),
a minimum of 70% along- and across-track overlap, and with VLOS (Visual Line of Sight,
Sydney, Australia) operation, providing 1026 acquisitions (four synchronized multispectral
images for each acquisition) and an approximate Ground Sampling Distance of 7.5 cm.

The multispectral and RGB flight aimed at capturing the winter phenological stage
of vegetation was conducted on 13 February 2019 with a lightweight RPAS ATYGES FV8
(ATYGES Ingenierfa S.L., Malaga, Spain) operated by 3eData Ingenieria Ambiental S.L. The
aircraft was equipped with a compact MicaSense RedEdge multispectral snapshot camera
(MicaSense, Inc., Seattle, WA, USA) with five 16-bit narrow spectral bands covering the
visible-infrared spectrum (namely blue, green, red, red edge, and near-infrared) and, as
in the former, a synchronized irradiance + GNSS + IMU sensor. A single-grid flight plan
was executed in autonomous mode with an average height above the ground of approxi-
mately 110 m, 80% and 70% along-track and across-track overlap, respectively, and VLOS
(Visual Line of Sight) operation. The RPAS also acquired RGB images with a 24-megapixel
camera (Sony Alpha ILCE 6300, Tokyo, Japan) with a fixed 16 mm lens. The multispectral
sensor made 618 acquisitions (5 synchronized images for each acquisition), rendering an
approximate average GSD of 9.4 cm, while the RGB camera acquired 256 images with an
approximate average GSD of 3.5 cm.

A third flight was conducted on 15 March 2019, with the aim of capturing rmsepost-fire
conditions (the prescribed fire occurred on 28 February 2019). This flight was conducted
following approximately the same specifications as the pre-fire acquisition of 13 February
2019, capturing 287 RGB images at an approximate average GSD of 3.2 cm, with the aim of
generating a reference DTM of the bare ground surface.

Each of the four sets of images were processed using SfM (Structure from Motion) 3D
image reconstruction techniques, implemented with Pix4Dmapper V.4.5.6 software (© 2020
Pix4D SA, Prilly, Switzerland) using the standard settings recommended by the software
documentation and introducing minor modifications or rematching when necessary. Hence,
full-scale image keypoints, aerial grid matching, and 10,000 keypoints were set for the
initial processing, whereas multiscale half image, the optimal point density, and a minimum
of 3 matches were set for sparse point cloud generation. Finaly, a 7 X 7 matching window
size was chosen for point cloud densification.

In the case of multispectral sets, images were spectrally calibrated against a reference
panel with values of around 70% of diffuse reflectance in the visible-infrared spectrum after
each flight, using the synchronized irradiance values captured by the sensor, thus enabling
the generation of multispectral georeferenced image mosaics in absolute reflectance values.

RGB processing was conducted to generate georeferenced XYZ point clouds along
with the corresponding orthomosaics and digital surface models. This information was
basically used for reference purposes, to locate the field of training areas for classification
(orthomosaics), and for the calculation of fuel height (point clouds).

2.4. Vegetation Height Estimation

The vegetation height was estimated by interpolating a normalized CHM and sub-
tracting a reference digital terrain model. Among the different options tested, an SfM point
cloud of the pre-fire vegetation canopy, an SfM post-fire point cloud (i.e., quasi-bare ground
after the removal of most of the vegetation cover), and low-density LiDAR ground returns
(to ensure ground references in the case of post-fire vegetation remains) were combined,
as described below. Calculations were performed using the lidR package V. 4.1.2 [48] in R
software [49], the QGIS 3.28 software, and FUSION 4.50 [50].
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The 0.5 points/m? LiDAR data from the Spanish National Plan for Aerial Orthopho-
tography (PNOA -LiDAR) were obtained from the National Geographic Information Cen-
tre [51]. The point cloud was ground-filtered to extract a set of ground returns for the study
area. This set of points was merged with the post-fire StM point cloud and the ground
filtering was repeated to ensure the removal of points corresponding to any vegetation
remains in the post-fire dataset. The “groundfilter” FUSION algorithm was used with
a cell size of 0.25 m and parameter values of g = —2.0, w = 2.5, a = 1.0, and b = 4.0 [50].
This point cloud was used to compute a DTM using a k-nearest neighbor approach with
inverse-distance weighting (knnidw) interpolation, with a cell size of 0.10 m. The pre-fire
point cloud heights minus the DTM (ground reference) were used for the calculation of
a vegetation height point cloud, eventually allowing for the interpolation of the CHM by
using a combination of the point-to-raster (p2r) and knnidw algorithms with a cell size of
0.10 m (see [48] for a more thorough description of the algorithms).

Accuracy was evaluated by comparing the estimated and measured values for the
204 points collected in the field. Field measurements were carried out during the non-
growing period before the 13 February 2019 flight, with the aim of capturing the variety in
vegetation heights in the study area. The height measurements from the 204 sample points
ranged from 0 (bare ground) to 340 cm, with a mean value of 82 cm (s.d. 55.01 cm).

For each point, coordinates were measured with a GNSSTrimble Geo7X (Trimble
Inc. ™ Westminster, CO, USA) RTK GNSS, and the vegetation height was measured with
an extensible measuring rod. Due to the procedure used for collecting height shrub data, a
maximum filter with a 3 x 3 cell kernel (i.e., 30 x 30 cm) was applied to the CHM prior to
the extraction of the estimated shrub heights. The rationale of this calculation was to mimic
the procedure of measuring heights in the field in the RPAS data height estimation, as the
GNSS device often cannot be placed exactly on the axis of the shrub being measured and
is placed at a certain distance away to allow for vertical positioning of the GNSS antenna
pole. Considering the notes made by the field operators, the calculations were performed
considering this maximum distance from the GNSS pole to the shrub top.

The goodness of the estimates was evaluated by the root mean squared error (RMSE)
value and its relative value with respect to the mean height (RMSE%), as well as by
graphical representations of the observed versus estimated heights by height classes and
by fuel models, as height was the main driver for mapping the fuel models of this study
using remote sensing [47].

2.5. Vegetation and Fuel Model Classification

Supervised automatic classification was used to discriminate between different veg-
etation classes and between fuel models following a Geographical Object-Based Image
Analysis (GEOBIA) approach. The classification involved two stages and was conducted
with Ecognition V. 10 software (© Trimble, Inc., Westminster, CO, USA) and R software
packages, as detailed below. The segmentation or spatial clustering of image pixels was
first carried out, with the aim of identifying meaningful segments or objects. Classification
was then conducted on the basis of the statistical analysis of these objects and considering
multispectral and multitemporal variables, vegetation indices, and 3D vegetation structure
(i.e., the previously computed CHM). All the input datasets were resampled to a spatial
resolution of 9.4 cm prior to the classification analyses.

In the first stage, we used a single segmentation level with the Ecognition V. 10
software, adjusting the parameters to the target objects, i.e., shrubs and, in general, small
clusters of vegetation homogeneous in species composition and structure. The segmentation
parameters were adjusted iteratively using a trial-error procedure by visual comparisons of
segments against known reference areas in the image. Some degree of over-segmentation
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was accepted to enable the optimal delineation of the objects. Field measurement points
included in objects with a very limited number of pixels were excluded from the analysis,
so 180 objects were finally used.

The input features for the classification comprised multispectral and multitemporal
bands and the NDVI value derived from these bands (mean, maximum, minimum, and
standard deviation of the objects’ reflectance and NDVI computed from the spring and
winter UAV flights) along with 3D vegetation features (mean, maximum, minimum, and
standard deviation of the previously computed CHM), i.e,, a total of 48 input features
(mean, maximum, and minimum values and standard deviation of the green, red, red
edge, and near-infrared bands and NDVI from the spring flight; mean, maximum, and
minimum values and standard deviation of the blue, green, red, red edge, and near infrared
bands and NDVI from the winter flight; and mean, maximum, and minimum values and
standard deviation of the CHM for each object). The random forest (RF) algorithm was
used because of its ability to deal with complex classification problems and its robustness
against potential training issues such as imbalance or mislabeling [52].

Random-forest-based classification requires the number of trees and the number of
randomized features selected in each split to be established. In this study, we used the
“randomForest” V.4.7-1.1 package [53] in R software [49] to fit the RF models by establishing
the number of trees as 1000, which is an appropriate value given the large number of
features and observations, and optimizing the number of features selected in each split
to improve the global accuracy of our classification. The predicted and reference values
were used to construct the corresponding error matrix, and the global, user, and producer
accuracy were calculated for each class along with the global Kappa index [54]. Moreover,
10-fold cross-validation was used to evaluate the model performance by repeating the
process 1000 times and constructing a confusion matrix using the weighted classifications
of out-of-bag observations. Finally, the importance of input features in terms of a reduction
in Giny impurity was estimated by random permutation. As the number of pixels of each
object ranged from 16 to 331 (mean value of 94.73), a weighted RF model was applied by
relating a weight directly proportional to the pixel number to each object.

The RF analysis was repeated for the 180 field measurement points at the pixel level, in
this case using the values of the bands, the associated NDVI, and the height estimated with
the previously computed CHM in the specific pixel corresponding to the field measurement
point, i.e., a total of 12 input features (green, red, red edge, and near-infrared values and
NDVI value from the spring flight; blue, green, red, red edge, and near-infrared values
and NDVI value from the winter flight, and CHM value for each pixel). This approach
enabled a comparison of the accuracies of the object-based and pixel-based classifications.
According to De Leeuw et al. [55], as the data used in the development of the random
forest models in both methodologies (object-based and pixel-based) were not derived from
independent samples, the comparison between the performance of each was carried out
using McNemar’s chi-square test.

3. Results
3.1. Height Estimation

The results of the spatial distribution of vegetation height estimation are graphically
represented in Figure 2 and the frequencies of height values are summarized in Figure 3.
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Figure 2. Spatial distribution of vegetation height (CHM) and sampling points. Background image
from CNIG. Instituto Geografico Nacional. Ministerio de Fomento. Gobierno de Espafia).
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Figure 3. Distribution of shrub height in the study area according to the results of the CHM (frequen-

cies expressed in pixels x 10°). Blue and red lines represent the mean and median values, respectively.

Most of the area was covered by vegetation lower than 1.0 m (Figure 3), with the

maximum frequencies occurring in the interval of 0.5-0.75 m, with a mean height of 0.96 m.

Shrubs higher than 2 m were located in the lower part of the slope (East in Figure 2, with a few
peaks higher than 2.5) along with other isolated individuals scattered throughout the area.

The observed heights were plotted against the estimated values for the 204 field
sampling points (Figure 4). The fitted linear model explains about 71% of the observed

variability, with a root mean square error value of less than 0.3 m, representing around 36%
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of the measured height average. This model shows a slight tendency to overestimate height
values above 0.75 m, although the value of the mean error (—0.039 m) seems to indicate a
low level of bias.
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Figure 4. Plot of observed versus estimated vegetation heights. The red line represents the linear
relationship between the two types of values and the dashed line denotes the 1:1 (identity) line.

As already mentioned, the classification of fuel models for woody shrubland forma-
tions in Galicia is based on two structural characteristics, the mean shrub height and the
dead fine shrub load. However, to use the models to construct forest fuel maps derived
from remotely sensed data, a dichotomous classification based solely on the mean shrub
height was developed [47], so the estimated shrub heights derived from the CHM could
be used to assign fuel models to the field measurement points applying the dichotomous
key. Although a prior classification of the bracken-dominated shrubland communities and
woody-dominated shrubland communities was necessary, if only the discriminant key for
woody-dominated shrubland communities was used and the fuel models assigned in the
field and those assigned using the CHM were compared, an overall accuracy of 64.90%
was obtained with a Kappa index of 0.48, indicating a moderate level of agreement (from
0.41 to 0.60), in accordance with the classic scale proposed by Landis and Koch [54,56]. The
values of the same index for each of the four fuel models indicated moderate to substantial
agreement, except for the Shrub-2 fuel model, for which the user accuracy (0.31) and the
Kappa index indicated a fair level of agreement (see Table 4).

Table 4. Confusion matrix and accuracy statistics (Pro. Acc.—producer accuracy and User Acc.—user
accuracy), detailing different fuel models of woody-dominated shrubland communities and total
frequencies of the classification based on heights estimated using the CHM (rows) vs. fuel models
assigned in field (columns).

Observed Fuel Model
Estimated Fuel Model Shrub-1 Shrub-2 Shrub-3 Shrub-4 Total ng I&s;r
Shrub-1 15 5 2 0 22 0.68 0.79
Shrub-2 3 4 13 0 20 0.20 0.31
Shrub-3 1 4 48 19 72 0.67 0.70
Shrub-4 0 0 6 31 37 0.84 0.62
Total 19 13 69 50 151
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Figure 5 shows box plots of the distribution of the observed and estimated values of
the heights of the field samples for height classes defined in intervals of 50 cm and named
by the class mark (Figure 5, top) and fuel models (Figure 5, bottom). The dispersion of
the estimated height values is greater for all height classes than the dispersion of the field
observed values, and significant differences (o« = 5%) between the observed and estimated
mean height are only observed in the lower height class (0-50 cm). The same is observed
in the graph showing box plots of the observed and estimated height values for the fuel
models, i.e., significant differences between the mean heights in the two lowest height fuel
models (Bracken and Shrub-1).
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Figure 5. Box plots of observed and estimated vegetation heights for height classes (upper) and
for fuel models (lower). Different letters (a, b) indicate significant differences between mean values
(e = 5%) for each class or model. Black dots represent mean values.

3.2. Pixel-Based Classification

For RF classification by vegetation class, the optimization of the number of features to
select in each split indicated a value of 3 (25% of the 12 available features). The confusion
matrix and a summary of the results and indices of the verification based on vegetation
class are presented in Table 5. The global accuracy was 0.92, with a Kappa index of
0.90, indicating an almost perfect level of agreement (greater than 0.81), in accordance
with the classic scale proposed by Landis and Koch [56]. The main discrepancies in the
classification occurred when discriminating between the high shrub—heath and high
shrub—broom classes.
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Table 5. Confusion matrix and accuracy statistics of the pixel-based random forest classification for
vegetation classes (Pro. Acc.—producer accuracy and User Acc.—user accuracy).

Observed Vegetation Class

Estimated Vegetation Class High High Low Bare Pro. User
Shrub—Heath Shrub—Broom Shrub Bracken Ground Total Acc. Acc.
High Shrub—Heath 66 5 2 0 0 73 0.97 0.90
High Shrub—Broom 2 32 1 0 0 35 0.84 0.91
Low Shrub 0 1 19 0 0 20 0.86 0.95
Bracken 0 0 0 30 3 33 1.00 091
Bare Ground 0 0 0 0 19 19 0.86 1.00
Total 68 38 22 30 22 180
The results of the cross-validation provided an overall accuracy of 91.13%, with a
Kappa index of 0.88, and the most important features in the RF model were, in order of
reduction in the Gini impurity value, the NDVI values of the winter and spring flights, the
reflectance of the red band of the spring flight, and the height estimated with the CHM
(Figure 6, left).
NDVI_winter 7 CHM q
NDVI_spring red_spring -
red_spring NDVI_spring §
CHM NDVI_winter -
0 25 50 75 100 0 25 50 75 100
Mean Decrease Gini normalized Mean Decrease Gini normalized
Figure 6. Normalized values of the mean decrease in Gini impurity of the most important variables
in the random forest models for the pixel-based classification for vegetation classes (left) and fuel
models (right). Values represented with an orange circle. The variable with the highest importance
has been assigned a value of 100.
The optimization of the number of features to select in each split to improve the
global accuracy of the RF classification by fuel model indicated a value of 2 (16.67% of the
12 available features). The confusion matrix obtained for fuel models and a summary of
the results and indices of the verification by model are presented in Table 6. The global
accuracy was 0.86, with a global Kappa index of 0.82, indicating almost perfect agreement.
The main discrepancies occurred in the classification of the Shrub-2 fuel model, which the
RF approach was not able to discriminate, classifying the nine observations between the
Shrub-1 (four) and Shrub-3 (five) fuel models.
Table 6. Confusion matrix and accuracy statistics of the pixel-based random forest classification of
the fuel models (Pro. Acc.—producer accuracy and User Acc.—user accuracy).
Observed Fuel Model
Estimated Fuel Model Bracken Bare ground Shrub-1 Shrub-2 Shrub-3 Shrub-4 Total K:;g Iziiir
Bracken 30 3 0 0 0 0 33 1.00 091
Bare ground 0 19 0 0 0 0 19 0.86 1.00
Shrub-1 0 0 13 4 0 0 17 0.81 0.76
Shrub-2 0 0 1 0 1 0 2 0.00 0.00
Shrub-3 0 0 2 5 57 7 71 0.95 0.80
Shrub-4 0 0 0 0 2 36 38 0.84 0.95
Total 30 22 16 9 60 43 180
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The results of the 10-fold cross-validation repeated 1000 times provided an overall
accuracy percentage of 85.14%, with a Kappa index value of 0.80, showing that the height
estimated with the CHM, the reflectance of the red band of the spring flight, the NDVI
value of the spring flight, and the NDVI value of the winter flight were the most important
features in the RF model in order of reduction in the Gini impurity value (Figure 6, right).

3.3. Object-Based Classification

The optimization of the number of features to be selected in each split to improve the
overall accuracy of the RF classification of vegetation classes yielded a value of 4 (8.33% of
the 48 available features). The confusion matrix and a summary of the results and indices of
the discrimination by vegetation class are shown in Table 7. The global accuracy was 0.96,
with a Kappa index of 0.95, also indicating, in this case, an almost perfect agreement [56].
The distribution of frequencies of the confusion matrix showed discrepancies only for
discriminating between high shrub—heath and high shrub—broom, as in the pixel-based
classification, and, to a much lesser extent, between the low shrub and bracken classes,
probably due to the presence of mixtures and mosaics of these classes occurring according
to the reference data.

Table 7. Confusion matrix and accuracy statistics of the object-based random forest classification for
vegetation classes (Pro. Acc.—producer accuracy and User Acc.—user accuracy).

Observed Vegetation Class

Estimated Vegetation Class i i .
5 Shrull_)IE}I-‘Ieath ShrulI){E]?room s%:;:vb Bracken G?:éid Total K:g Iziiir
High Shrub—Heath 67 5 0 0 0 72 0.99 0.93
High Shrub—Broom 1 33 0 0 0 34 0.87 0.97
Low Shrub 0 0 22 1 0 23 1.00 0.96
Bracken 0 0 0 29 0 29 0.97 1.00
Bare Ground 0 0 0 0 22 22 1.00 1.00

Total 68 38 22 30 22 180

The results of the 10-fold cross-validation repeated 1000 times provided an overall
accuracy percentage of 95.08%, with a Kappa index value of 0.93, again indicating almost
perfect agreement between the observed and estimated vegetation classes. Finally, analysis
of the feature importance in the RF model indicated that the variables with the greatest
weighting in the classification of vegetation classes were those related to the NDVI index
values corresponding to the winter flight (mean, minimum, and maximum values) and, to
a lesser extent, those from the spring flights (mean and minimum values), as well as those
related to the height estimated by the CHM (maximum and mean values) and the mean
value of the reflectance of the red band of the spring flight (Figure 7, left).

The overall accuracy of this method was higher than that of the pixel-based classifica-
tion (0.96 vs. 0.92), and the McNemar’s chi-square test indicated significant differences in
the performance between both RF-based methods used for the classification of vegetation
classes (o = 5%).

Regarding the classification of the 180 objects using the random forest approach for
the fuel models, the optimal number of features selected in each split was 4 (8.33% of the
48 available features). The confusion matrix and summary of the results and indices used
to verify the fuel model are shown in Table 8. The a global accuracy of the classification was
0.93, with a Kappa index of 0.91, indicating an almost perfect agreement [54,56]. As with the
RF pixel-based classification, the main discrepancies occurred in the classification of the fuel
model Shrub-2, which the RF approach did not discriminate correctly, with an accuracy of
11.1% (one of nine observations correctly classified), classifying these observations among
the fuel models Shrub-1 (55.5%) and Shrub-3 (33.3%).
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Figure 7. Normalized values of the mean decrease in Gini impurity of the most important variables
in the random forest models for the object-based classification for vegetation classes (left) and fuel
models (right). Values represented with an orange circle. The variable with the highest importance
has been assigned a value of 100.

Table 8. Confusion matrix and accuracy statistics of the object-based random forest classification for
fuel models (Pro. Acc.—producer accuracy and User Acc.—user accuracy).

Observed fuel model

Estimated Fuel Model Bracken Bare Ground Shrub-1  Shrub-2  Shrub-3  Shrub-4 Total ng Xiir
Bracken 30 0 0 0 0 0 30 1.00 1.00

Bare ground 0 22 0 0 0 0 22 1.00 1.00
Shrub-1 0 0 15 5 0 0 20 0.94 0.75
Shrub-2 0 0 1 1 0 0 2 0.11 0.50
Shrub-3 0 0 0 3 60 4 67 1.00 0.90
Shrub-4 0 0 0 0 0 39 39 0.91 1.00

Total 30 22 16 9 60 43 180

The cross-validation provided an overall accuracy of 89.74%, with a Kappa index of
0.87, again indicating an almost perfect level of agreement [56] between the observed and
estimated fuel models. The features with the greatest weighting in the classification based
on fuel models were, in order of importance, those related to the height estimated by the
CHM (mean, maximum, and minimum values) and, to a lesser extent, those related to the
values of the NDVI index (mean and minimum values of the spring flight and mean value
of the winter flight) and the mean value of the reflectance of the red band of the spring
flight (Figure 7, right).

The McNemar’s chi-square test comparing the performances of the object-based and
pixel-based RF classifications of fuel models indicated significant differences between the
two classifications (o = 5%).

The mapping of the estimates obtained by the RF object-based classification applied
to the 180 sample objects (we present just the classification with the best performance) is
shown in Figure 8 for different vegetation classes (upper) and fuel models (lower).

Clearly, the most frequent vegetation class comprising the land cover in the area was
low shrub. Other vegetation classes, such as high shrub—broom, were mainly clustered in
the east part of the study area, corresponding to the lower part of the slope. The distribution
of bare ground was more linear, following the rocky ridges in the higher sector of the slope
(west of the plot). Bracken and high shrub—heath were more scattered and tended to be
grouped in the south and east of the plot.

The study area was characterized by great heterogeneity in terms of fuel models. In
addition, the patterns were highly mixed, as were the height classes (Figure 2). Clearly, the
fuel models of the woody-dominated shrub communities (Shrub-1 to Shrub-4) covered a
larger area than the model of the bracken-dominated communities. The most represented
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fuel model was Shrub-1, being the lowest in height. The tallest woody-dominated fuel
models (Shrub 3 and Shrub 4) formed large patches in the east of the plot, while the largest

areas occupied by Bracken were in the south center of the plot.

R
| | Vegetation types
/ - High Shrub-Heath (0.80 ha)
| I Low Shrub (3.90 ha)

| I Bare Ground (0.05 ha)
|| Bracken (0.53 ha)

| Il High Shrub-Broom (0.83 ha) |

4,756,000

4,755,900

S
@ ' '
w0
ﬁ. k 5, 'g.‘ ;ﬂ‘
~ ‘ ¥
L} £,
ey G
AT
BT X
L840
o ol e 4
2| * .
- » g‘
2 ¥ i
~ R
t LA
* g‘ &
I‘ - U 1 . U — T -
659,800 659,900 660,000 660,100 660,200
L
g || Fuel models
E—_ Value
S I shrub 1 (2.84 ha) e
Shrub 2 (0.73 ha) .
[0 shrub 3 (1.49 ha) av. 2
I shrub 4 (0.36 ha) s (17 -
[ Bracken (0.63 ha) . .5 2
§_ I Bare Ground (0.05) T e
w
w
| e
<t
- :
o |
o | & el
21 Seres X
~ iy IR vy
| Bl e T
YT
¥ ‘{, ..{“t ¥
% g Bl s ;
R L
iy VRS
o ’(:F‘ P
[ .
b N
e s Qi
= :
' [
MY \
U 1 U o Il %
659,900 660,000 660,100 660,200

Figure 8. Results of object-based random forest classification of vegetation classes (upper) and

fuel models (lower). (Background image from CNIG. Instituto Geografico Nacional. Ministerio de

Fomento. Gobierno de Espafia).

4. Discussion

Here, we present a methodology based on multitemporal 2D and 3D very high-

resolution UAV data analysis for the characterization of heterogeneous shrub cover in a

mountainous area, considering both structural aspects and vegetation and fuel composition.

The originality of the work lies in the joint analysis of spectral responses in different

phenological stages of the vegetation cover and in the comparison of 3D SfM point clouds
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before and after prescribed burning, which should, theoretically, enable a clear vision of the
ground in the post-fire stage. Generally satisfactory results were obtained, despite some
inaccuracies in identifying certain groups of species and fuel models in the vegetation and
fuel classifications and the effect of outliers in shrub height estimation, as discussed below.

More specifically and regarding the height estimation, the RMSE was lower than 0.3 m.
Notably, even the overall negative bias (—0.039 m) indicated slight overestimation, and a
close look at the scatter plot and linear fit revealed that overestimation mainly applied to
taller vegetation, whereas for lower vegetation, the estimated height values were similar to
the measured values. This indicates an absence of systematic bias in the estimations.

One of the main challenges in DAP and ALS applications for vegetation surveys is
the availability of accurate terrain surface data, i.e., digital terrain models, for estimating
vegetation height [45,57], particularly in areas where steep slopes might hamper the in-
terpolation of such models [58]. The present study is one of the few examples in which
this issue is (at least theoretically) solved due to the information available after almost the
complete removal of vegetation by prescribed burning. We assumed that the accuracy of
the proposed methodology would mainly be related to the performance of the method in
reconstructing the top of the vegetation and not to the DTM interpolation. Interestingly,
the results did not show the general trend of severe underestimation of the vegetation
height reported in other studies (even in studies using ALS), which has the advantage
of pulse penetration in the canopy [45,59-61]. In the present study, we even observed a
slight trend toward overestimation, particularly regarding the height of tall shrubs (higher
than 0.75-1 m). The accuracy of the estimates obtained in the present work was, in some
cases, higher than that in other studies involving high and dense shrubs/thickets and
combining ground LiDAR returns and UAV DAP [33] or UAV ALS of dwarf vegetation
marsh areas [59], with the latter having very low values of explained variability. In other
cases, the accuracy of estimation was consistent with that obtained using only LiDAR data
in shrublands [34], steppe meadows [60], or even in crops like maize [62]. In the study of
steppe meadows, the main reason for the loss of accuracy was the difficulty in modeling the
tops of vegetation rather than in the ground reference when using UAV LiDAR due to the
probability of missing peaks of sharp vegetation profiles (probably isolated shrub peaks),
especially in low vegetation. Similar results were obtained in recent studies comparing tree
and shrubland heights (such as woody vegetation higher and lower than 5 m, respectively)
from UAV DAP data in areas of sparse vegetation, with greater errors in modeling lower
vegetation than higher vegetation [33].

Experiences in other environments such as tundra shrubland and isolated trees [25]
yielded fewer errors using lower-height flights (45 m) and higher-resolution RGB (<1 cm)
and overlap (in the order of 90%), with a consequent constraint in the flight area (less than
2 ha). In this case, the standard error of 8 cm for the estimation of the maximum height,
along with the increase in the errors with degradation in the original resolution (standard
errors of 23.2 cm for 1.5 cm DEM resolution), suggest the value of increasing the resolution
of the image to improve the results. However, this approach must be considered carefully
in each case, taking into account the dependence of the model performance in the cited
work on the presence of small gaps in the canopy and the substantial decrease in yields
when flights are conducted at a low altitude and speed.

Along with vertical structure and ground cover, species composition is a key feature
involved in the ecology, biodiversity value, and fuel behavior of shrublands [63,64]. The
automatic classification of shrublands based on remote sensing at different scales and from
different data sources is an appealing approach that is widely reported in the literature. Mid-
resolution multispectral satellite-based remote sensing in earth observation programs, such
as Landsat or Sentinel, has been successfully used for the resource-efficient discrimination of
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some types of shrubland on a large scale [24,65,66]. Despite the advantage of the availability
of free datasets and a wide spatial coverage, the low spectral and spatial resolution of
the data hampers the development of classification schemes to the level of species or
groups of species with similar environmental roles and/or fuel behavior. This difficulty
could be addressed by improving the spectral resolution (e.g., by using hyperspectral
imagery) or by increasing the spatial resolution of the images by using sensors with a
higher IFOV and/or lower-altitude image registration (i.e., airborne or unmanned aircrafts).
For example, hyperspectral airborne image classification enabled the discrimination of
Calluna/ Erica/Molinia heathland types, with overall accuracies ranging from 52 to 65% at
an 18 m spatial resolution [67]. The ultra-high resolution of imagery acquired by UAVs
enabled the use of simpler devices like RGB [68] or multispectral sensors [31]. In the former
example, different components of wet heathlands and bog mosaics were discriminated at a
spatial resolution of 2.5 cm, with an overall accuracy of 88%, whereas in the latter, different
plots of low-density dry shrublands were classified, with an accuracy between 81.9% and
96.4%, from SfM point clouds with densities higher than 1000 points/m? and low-density
LiDAR data, to compute Canopy Height Models.

In the present study, we addressed the automated classification of UAV multispec-
tral, multitemporal imagery combined with 3D vegetation structure data with a spatial
resolution ranging from 3.2 to 9.4 cm. Taking into account the conspicuous phenological
differences between the winter and spring spectral responses of some target species (namely
bracken), we combined the data on both phenological stages, despite a temporal difference
of one almost one year and the slightly different spatial and spectral resolutions of the
images. Combining multispectral, multitemporal, and 3D vegetation cover information
yielded good results (overall accuracy higher than 0.85 and Kappa indices higher than
0.80, regardless of the classification approach), despite the complexity of the classification
problem. Regarding vegetation classification, the approach included classes that may
be structurally similar, such as high shrub heath and broom, but with potential spectral
differences, as well as other classes that may be spectrally similar but with different heights,
such as various heath species and classes with a high greenness contrast throughout the
year. The situation is even more complex for fuel model classification, as the same category
includes communities dominated by different species (gorse, heath, and broom) that are
only similar in terms of their range of heights and fine dead fuel loads. The vegetation
cover was generally complete throughout most of the study area, except for some rocky
areas and isolated patches of bare soil; isolated shrubs and small clumps of the same
class were also very uncommon, with dense shrub formations and mixtures being more
frequent and a transition between the targeted shrub classes being observed. Both factors
could have hindered the discrimination of different classes and justified the use of high-
spatial-resolution data to prevent the presence of pixel-level spectral mixtures in complex
patterned vegetation [69,70], which somehow approach the scale of direct field surveys.

Regarding the classification methodology, the object-based approach produced slightly
better results than the pixel-based approach for the discrimination of both vegetation classes
and fuel models. However, the overall results indicated an almost perfect agreement in
all cases, and the pixel-based methodology was simpler to apply and less conditioned
by under- or over-segmentation and subjective parameterization. This approach may,
therefore, be a useful option in this type of study. Similar results have been obtained when
comparing the performances of these two methodologies for classifying different vegetation
formations [71-73].

In the classification of the fuel models, neither of the two methodologies correctly
discriminated the Shrub-2 model. This particularly applies to the pixel-based methodology,
which did not correctly classify any of the nine samples in this group, erroneously assigning
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them either to the Shrub-1 model or to the Shrub-3 model. This could have been because
the Shrub-1, Shrub-2, and Shrub-3 models had relatively overlapping height ranges, and
distinction in the field is mainly due to differences in the fine dead fuel load, which is not
adequately characterized by remotely sensed variables [74,75] such as those used in RF
model fitting. However, the combination of CHM-derived structural data and multitempo-
ral and multispectral data significantly outperformed the fuel model classification based
solely on CHM information (Table 4), with an overall accuracy of 64.90% versus 92.78% for
object-based classification and 86.11% for pixel-based classification.

From the point of view of the influence that the misclassification of fuel models
can have on fuel management decision making, the most serious problems result from
assigning a potentially less dangerous model in terms of fire behavior. In the confusion
matrix, these situations correspond to the values shown above the diagonal and represent
5% and 8.3% of the total field observations for the object-based (Table 6) and pixel-based
(Table 8) approaches, respectively.

The methodology tested here requires multitemporal datasets and the availability of a
good-quality DTM. This may be particularly critical considering the relatively low yields in
the UAV data acquisition and the difficulty in accurately reconstructing the ground surface
when covered by a dense and continuous woody coverage. The first factor may restrict the
application of the method to areas in the range from 20 to 200 ha [19], whereas the second
may compromise the performance of the method (i.e., by decreasing the accuracy of the
vegetation height estimation) or its applicability, owing to the need for data that are more
expensive to acquire, like high-density LiDAR data. However, simple, accurate, and easily
replicable methods, such as that proposed here, have great potential in several research
topics, including wildfires, biomass, and biodiversity [76,77], or as a benchmark for down-
or upscaling by integrating UAV data with satellite and ground surveys [78-80]. This
method is also particularly promising in the current scenario of increasing the availability
of very-high-resolution data in spatial data infrastructure and increasing the development
and optimization of UAV and sensors [61,81]. The future development of this research may
focus both on improving results (e.g., by the use of UAV aerial scanners to improve terrain
modeling, fine-tuning flight height, and image overlaps) and on correcting some of the
discrepancies in the classification of different classes. Regarding the latter, testing spectral
responses during other phenological stages or on other sections of the electromagnetic
spectrum, combined with the use of other Al/machine learning classification algorithms,
may be useful.

5. Conclusions

A methodology using 3D, multitemporal, and multispectral UAV datasets to charac-
terize shrubland vegetation is presented, focusing on structural and species composition
from the point of view of their role as fuels in wildfires.

Shrub height is an essential variable for estimating fuel load, which is a key driver
for predicting fire intensity, planning fuel management treatments, and assessing carbon
content and CO; fixation. The spatial distribution of fuels is also an essential driver, since it
determines, to a great extent, fire behavior and dynamics, in combination with topographic
and weather factors.

The main insights include the potential to estimate vegetation height with an admissi-
ble error (RMSE < 0.3 m), although with a slight overestimation for the highest vegetation.
In addition, we compared object-oriented and pixel-oriented classifications using the multi-
spectral and canopy height model of shrubland cover, applying them to vegetation classes
and to fuel models customized for the study area.
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The results showed a better performance in the estimates of the object-based methodol-
ogy, although the pixel-based classifications were also very successful and their application
is simpler. The inclusion of multispectral information from two different stages in the vege-
tative development of the communities studied was key in the classifications, as demon-
strated by the fact that the most important features were, in most cases, NDVI-derived
statistics from both periods. In addition, conducting a post-fire flight allowed for the devel-
opment of a more accurate DTM, which was also an important feature in all classifications.

The study findings are also promising, with great potential as a framework for other
applications such as habitat monitoring or vegetation regeneration studies after natural or
anthropogenic disturbances. Future challenges include the discrimination of vegetation
types that are very similar both spectrally and structurally, considering the different phe-
nological stages of their development (e.g., with potential improvements using advanced
sensors, other flight height and image overlaps, and Al/machine learning classification
algorithms), and the need to use highly accurate digital terrain models as a reference.
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