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Abstract: Fuel structure and characteristics are important to better understand and predict wildfire
behaviour. The aim of the present study was to develop a methodology for characterising fuel models
using low-density and free LiDAR data that facilitate the work of managers of protected territories.
Field inventories were carried out in order to understand the characteristics of the stand and the
variables that fuel models must include. This information, together with the use of the intensity
and structure provided by LiDAR, was used to perform statistical analyses. The linear regressions
obtained to characterise the stand of the mixed Quercus spp.–Pinus ssp.-dominated stand had an R2

value ranging from 0.4393 to 0.66. While working with low-density LiDAR data (which has more
difficulties crossing the canopy), in addition to the obtained results, we performed the statistical
analysis of the dominant stand to obtain models with R2 values ranging from 0.8201 to 0.8677. The
results of this research show that low-density LiDAR data are significant; however, in mixed stands,
it is necessary to only use the dominant stratum because other components generate noise, which
reduces the predictive capacity of the models. Additionally, by using the decision tree developed
in combination, it is possible to update the mapping of fuel models in inaccessible areas, thereby
significantly reducing costs.

Keywords: fuel models; remote sensing; multiple regression; mixed stands

1. Introduction

Wildfires have increased in size, frequency, and suppression costs [1]. In addition
to these costs, these fires have had negative effects on properties, air quality, and natural
habitats [2]. Due to the strong relationship between meteorology and fire occurrence [3], a
link between wildfires and climate change has been established [4,5]. Consequently, areas
that previously had a low probability of being devastated by wildfires are now more likely
to be affected.

Therefore, modelling, analysis, and risk studies have intensified. As a minimum,
the estimation of wildfire risks must consider the components that make up the so-called
fire triangle [6], which are meteorology, topography, and fuel, for which accurate data
collection is necessary. The topography is the most stable feature, as it is not modified in
short intervals of time, and we cannot modify it. Climatology and meteorology data can be
easily obtained from the network of existing stations [7]. However, the first categorisations
of wildland fuels were made a long time ago [8], which makes cartography obsolete and
complex to accurately derive the components [9,10]. Fortunately, it has been possible to use
fuel models that are largely dynamic [11]. Furthermore, managers more frequently demand
updated vegetation coverage because it directly relates to fuels and where fire spread occurs,
as well as because it is susceptible to modifications. This spatial information provides
estimations of forest stand conditions and potential fire behaviour; these estimations are
essential for guiding the mitigation of damage caused by a potential wildfire through
treatments [10,12].
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For the mapping of fuels, the use of remote sensing has been more frequently incor-
porated among the scientific and management community, reducing the time and costs
needed to map large and complex surfaces. LiDAR technology has gained momentum and
relevance. In its beginnings, it only recorded one return per pulse emitted. It currently
works with multi-return LiDAR sensors capable of capturing up to six returns from a single
pulse [13], which has improved the amount of provided information. This demonstrates
that the data obtained from different returns (or penetration of the signal) can be used
to analyse vegetation [14], as LiDAR enables researchers to obtain information at differ-
ent structural levels. Therefore, various studies have used LiDAR for the modelling and
characterisation of forest fuels [15,16].

The main objective of this study was to provide managers of protected areas a tool
that allows them to know the characteristics of inaccessible stands in order to assign
fuel models. Using this, they will be able to characterise the fuel patterns of areas in
order to obtain updated information before the occurrence of a forest fire. In the case of
protected natural areas, it is not easy to carry out field inventories, as various difficulties
limit the characterisation of forest fuels using field-sampling procedures. The low density
of forest roads, topographic relief, and the limitations of access and mobility (often due
to the delimitation of restricted areas) complicate the monitoring of plant structures in
order to characterise their combustibility and flammability. In this sense, through LiDAR,
a methodology that solves the identification of polygons of fuel models without direct
testing in the field was developed in this study.

This solution provides an efficient way to map fuels in protected areas. The LiDAR tool
allowed the authors of the present work to evaluate and categorise the composition of plant
structures to identify fuel models and to generate algorithms to predict stand variables in
relation to the characterisation of tree crowns. The achieved results have made it possible to
generate equations that determine variables that are part of crown fire behaviour prediction
models [17] and calculate the difficulty of suppression [18]. According to the achieved
results, it is important to indicate the application of our results for fire managers in decision-
making for the prevention and suppression of forest fires. Furthermore, considering the
planning aspects of fire management programs, the methodology developed in this work
incorporates good opportunities to integrate the variables of the characterisation of forest
fuels obtained through LiDAR in decision trees and other field tools.

2. Materials and Methods
2.1. Study Area

The selected study area is located in the Sierra de Cazorla, Segura, and Las Villas Natu-
ral Park (Southeastern Spain) (Figure 1). It is a public forest area of 9675 ha and includes the
following mountains: ‘Cerro de las Canasteras, JA-10027-JA’, ‘Desde Aguamulas hasta el
Arroyo de las Espumaredas, JA-10028-JA’, ‘Malezas de Pontones, JA-10029-JA’, ‘Montalvo y
Hoya Morena, JA-10030-JA’, ‘Peña Amusgo hasta el Arroyo de las Espumaredas, JA-10031-
JA’, ‘San Román, JA-10072-JA’, ‘Fuente del Roble, JA-10074-JA’, ‘Las Ánimas y Mirabuenos,
JA-10125-JA’, ‘Los Goldines, JA-10205-JA’, and the expropriation ‘Entre Montalvo y Los
Goldines’.

The Sierra de Cazorla, Segura, and Las Villas Natural Park is the largest protected
area in Spain and the second largest in Europe [19], with an approximate surface area
of 210,000 ha, and its administrative surface area is spread over 23 municipalities [20].
Santiago-Pontones stands out, as 33% of the protected area belongs to this municipality.
The management of this forest has been mainly focused on protection, as part of the surface
area (4106 ha) is located in zone A, a reserve zone (Figure 1), of the Natural Resources
Management Plan, whose main objective is the conservation of protected species, both
flora and fauna.
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Pinus halepensis Mill., with mixed stands of this species and Pinus pinaster Ait. in the north 
of the mountain, as well as pure stands of the latter species. The altitude ranges from 640 
m above sea level (around the shores of the Tranco reservoir) to 1760 m. According to the 
Management Project, the average slope is very steep, with 62% of the surface area having 
a slope greater than 35%. A Mediterranean climate prevails, though with colder and 
rainier winters than average. Given the conditions of this climate, the fire register occupies 
large areas of the forest. However, no fire has occurred in the study area since 1968 ac-
cording to available records, although there have been large forest fires in nearby areas 
such as ‘Puerto de las Palomas’ in 2001 (863 ha), ‘Embalse del Tranco’ in 2005 (5116 ha) 
(with some spotting fires that affected the study area but did not prosper due to the 
prompt response of the fire service), and ‘Segura de la Sierra’ in 2017 (686 ha) [21]. In the 
area close to the Natural Park, the ‘Quesada’ fire occurred in 2015 (9806 ha). These events 

Figure 1. Location of the study area in Europe, Spain, Andalusia, and Jaén, as well as the special protection zone (A) in the
study area.

The area is dominated by stands of the genus Pinus, the most representative being
Pinus halepensis Mill., with mixed stands of this species and Pinus pinaster Ait. in the north
of the mountain, as well as pure stands of the latter species. The altitude ranges from 640 m
above sea level (around the shores of the Tranco reservoir) to 1760 m. According to the
Management Project, the average slope is very steep, with 62% of the surface area having a
slope greater than 35%. A Mediterranean climate prevails, though with colder and rainier
winters than average. Given the conditions of this climate, the fire register occupies large
areas of the forest. However, no fire has occurred in the study area since 1968 according to
available records, although there have been large forest fires in nearby areas such as ‘Puerto
de las Palomas’ in 2001 (863 ha), ‘Embalse del Tranco’ in 2005 (5116 ha) (with some spotting
fires that affected the study area but did not prosper due to the prompt response of the fire
service), and ‘Segura de la Sierra’ in 2017 (686 ha) [21]. In the area close to the Natural Park,
the ‘Quesada’ fire occurred in 2015 (9806 ha). These events had the spread of crown fires
in common. The generation of fuel model mapping is therefore of great importance, and
LiDAR technology offers significant advantages for the determination of the models.

2.2. Definition of Fuel Models

In this study, the UCO40 fuel models (a description of is shown in the Appendix A) [22],
which are based on the categorisations made by [23], were utilised. The models were di-
vided into six fuel model groups: grass (P), grass scrubs (PM), scrub (M), litter grass
scrub (HPM), litter slash (HR), and slash (R). Based on information from previous au-
thors [8,18,21], some UCO40 fuel model characteristics had been defined, namely vegeta-
tion type, plant taxa, and vegetation position and structure. The first four characteristics
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were defined with open access cartography, itineraries, and LiDAR (Table 1). This allowed
us to divide the area into smaller zones and make the computer processing faster because
the processing of this information for all study areas at once was impossible.

Table 1. Open source information and the defined vegetation characteristics.

Information Cartography Itineraries LiDAR

Vegetation type X X
Life form X X
Plant taxa X X
Position X X

The used open access cartography was from the Information System on Land Occupa-
tion of Spain (SIOSE) [23] that uses the photointerpretation of various types of images to
define the polygons of the types of vegetation. SIOSE provides information of the spatial
distribution of different types of vegetation, as well as the cover of trees, scrubs, and plants
taxa. The used itineraries were the National Forest Itinerary (INF) [24] and the itinerary
realised in the Resource Management Project of the area; their use with SIOSE allowed us
to know whether the information about the plant taxa was correct and correct it if necessary.
LiDAR was used to confirm the location, position, and type of vegetation. However, it was
primarily used to obtain the structure and cover of the vegetation.

This information not only allowed us to define better the areas of each fuel model but
also helped us characterise the study area. Our workflow is shown in Figure 2.

The objective of the determination of the fuel models was to assign a fuel load to
evaluate the suppression difficulty index [18,25]. This variable is necessary to determine
the energy behaviour sub-index that can be used calculate surface, crown, and eruptive
fires.

2.3. Design of Sample Plots for Model Characterisation

In the study area, P, PM, and M areas are scarce and large fires have a tendency to
occur in forest systems dominated by a tree stratum in the vicinity of the area. Thus, in this
study, we focused on the groups of woody fuels, namely HPM and HR.

We conducted a simple random pre-sampling of 12 circular plots with a radius of 20 m,
with an overall surface area of 1256.64 m2 each one. The field variables were evaluated by
different tools. A TOPCON GMS-2 GPS was used to determinate the centre points of the
plots where the data were recollected. A Hypsometer Vertex IV was used to find the heights
of the trees, base canopies, and crowns. A Pi tape was used to measure the normal crown
diameter, and a metric tape was used to define the plots limits, crown diameters, and scrub
heights. The tree and scrub canopy covers were measured and then assigned a number
from 1 to 4, with 1 representing the range between 0 and 25%, 2 representing the range
between >25 and 50%, 3 representing the range between >50 and 75%, and 4 representing
the range between 75 and 100%.

The plots were collected at the points shown in Figure 3.
The predominant species was Pinus pinaster; the variables that were measured in field

were normal diameter, crown height, crown diameter with two measurements, height, age,
species and fraction of tree and shrub canopy cover, mean shrub height, and the species
comprising that stratum. Data were collected for each individual tree in the plot to calculate
the density of trees. This pre-sample was done to understand the variability of the forest
stand. Knowing the density of trees in these 12 plots, a statistics study was conducted to
determine the number of plots necessary to reach a 90% (accuracy) of fiducial probability.
With this, we avoided making more or less plots than necessary, so costs were optimised.
Furthermore, this allowed us to obtain errors within our margins and guaranteed that the
next static analyses were based on a reliable source.
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The statistical study was carried out to determine the number of total plots necessary
to comply with the 90% confidence probability; the number was found to be 28 plots.

The 28 circular plots did not contain all 12 pre-sampling plots because these were
located in the north of the forest and the general inventory preferred simple random
sampling throughout the area (Figure 4).
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The distribution of the sampling points was not homogeneous because the road
network is scarce and, as mentioned above, the average gradient is very steep, which
makes it impossible to carry out inventories at great distances from established routes.
Data on diameter at breast height, height, height at the crown base, and species were
collected for each stand in the sample plots. In addition, the following data were collected:
fraction of tree and shrub canopy cover, mean shrub height, and the species comprising
that stratum. The crown weight (kg) of the tree stratum in the plots was estimated by using
existing data on the crown weight (branches > 7 cm, 2–7 cm, <2 cm, and leaves) of species
present in the sample plots, as well as other collected information [26].

2.4. LiDAR Data

The LiDAR data of the area were acquired in 2017 at the Download Centre of the
National Centre for Geographic Information (CNIG) of the Ministry of Transport, Mobility,
and Urban Agenda within the PNOA program. These data were captured in 2014 with a
LEICA ALS60 laser scanner (airborne laser scanner), and the points had an average density
of 0.5 points/m2 within an area of 2 km × 2 km. The LAZ files had to be decompressed
for us to use the LAS with the LASzip application [27]. Data processing was carried out
using the LiDAR FUSION pulse interpretation software [28] from the Remote Sensing
Applications Centre (USDA), which was necessary for the statistical information processing
of the laser pulses information.

For separating ground and vegetation, it was necessary to use the GroundFilter
command. The command was designed to eliminate returns that do not represent reality
and to separate ground and non-ground points. It was especially tested in high-density
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flights (4 puntos/m2), but its designers indicated in the case of low-density flights, it is
necessary to test different coefficients that are applied in the command. Our tests showed
that the default values in this command were the best fit for our area and reality, as other
values produced a higher number of off-average points.

The height used to differentiate the tree layer from the understory was 2.5 m. To
match the field information with the LiDAR data, the same areas and centre points of the
28 plots that were found were used for the stand measurement of tree mass, and seventy-
eight variables in total were obtained from the LiDAR information for each plot using the
CloudMetrics command.

2.5. Modelling of Dasometric Variables

It was necessary to use a combination of the data collected in the field plots and the
LiDAR information under to generate predictive models using the dasometric variables of
the stand. Firstly, we studied the composition of the Pinus spp. and Quercus spp. genera;
subsequently, only the dominant genus was studied. The studied dependent variables
included mean height (m), crown base height (m), basal area (m2/ha), mean normal
diameter (cm), understory height (m), base canopy height (m), and Z-height (m).

The models were built to have a high predictive power by avoiding the redundancy
of variables and greater collinearity according to Spearman. By performing a Shapiro
normality test, it was observed that the variables were not normally distributed, so the
natural logarithm of each variable was used to normalise the data. The criteria for building
the models were a high predictive power and avoidance of collinearity. Each variable was
significant at <0.05. For the choice of model, different variable combinations were tested to
generate different models, and then the best one was selected.

2.6. Actualisation of the Fuel Model Cartography

The information of vegetation type, life form, position, and plant taxa allowed us to
de-fine 3 big zones in our study area: Grass, Scrubs, and Trees. With the rules shown in the
Appendix B (Table A1), the 3 zones were defined as small polygons of each type of fuel
model, but there were zones not defined in any fuel model, as can be observed in Figure 5.
The areas not defined as Grass and Scrub fuel models were defined as Grass Scrub models.
The Trees zone was divided into 3 types—Quercus spp., Pinus spp., and mixed—that were
again divided by the rules, but the areas with a low canopy cover of scrubs were defined
as Litter Slash.

It has not been possible to classify Litter fuel because it does not exist in the area. This
is because there are no forest extraction activities that produce this type of fuel, as the main
goal of management is to protect endangered species.

3. Results

From the density of trees obtained in the pre-sampling plots, the definitive number of
plots was defined. A summary of the data obtained in the pre-sampling step is presented
in Table 2. In order to obtain the results shown in Table 3, the 28 sample plots were
evaluated. The difference between the maximum and minimum of the tree density could
have resulted in a large sampling error, but one of the advantages of making pre-sampling
plots is minimizing errors. The error obtained for the sampling was 3.14%.
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Table 2. Summary of data obtained in the pre-sampling plots (N = 12).

Variable Maximum Minimum Average Standard Deviation

Normal diameter (m) 56.8 19.50 37.01 10.39
Height (m) 27.6 8.90 123.50 4.7

Crown height (m) 12.10 3.5 7.32 2.34
Diameter of crown (m) 10.5 3.31 6.39 2.05

Age (years) 100 30 65.7 25.06
Number of trees 30 10 18.42 5.77

Table 3. Summary of data obtained in the field sample plots (N = 28).

Variable Maximum Minimum Average Standard Deviation

Normal diameter (m) 46.8 12.65 27.97 7.66
Height (m) 20.95 6.45 13.37 3.63

Base canopy height (m) 11.35 1.89 6.35 2.42
Tree density (trees/ha) 915.14 36.06 413.38 231.15

Basal area (m2/ha) 62.68 9.89 26.89 11.69
Scrub height (m) 1.8 0.1 0.77 0.49

The results of Table 4 were derived from the statistical study of the Pinus spp. and
Quercus spp. genera. In view of the results obtained in Table 4, it was decided to conduct a
statistical study of those variables for which the model did not obtain the most appropriate
results. In this case, this meant studying the dominant pine genus. The prediction of
the distance between the base of the crowns and the understory (m) was also analysed
(Table 5).
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Table 4. Models and evaluation of models for stand variables with Pinus and Quercus genera.

Variable Model Parameter Estimation Standard Error R2

Mean height Ln Hm 1 = a + a1 × Ln E.P99 2 + a2 × Ln
I.CV 3

a
a1
a2

0.7091
0.7458
−0.4853

0.1952 0.4393

Base canopy height Ln HBC 4 = a + a1 × Ln E. máx. 5 + a2 ×
Ln I.P1 6

a
a1
a2

−0.5335
0.9890
0.2589

0.193 0.5973

Basal area Ln G 7 = a + a1 × Ln E.L4 8 + a2 × Ln 1st
R.M. 9 + a3 × Ln P.A. 10

a
a1
a2
a3

−4.5006
1.1178
−0.4970
4.0681

0.8448 0.6623

Mean normal
diameter

Ln ø 11 = a + a1 × Ln E.mod. 12 + a2 ×
Ln T.R.mod. 13

a
a1
a2

0.9358
0.4592
0.5626

0.2073 0.6001

Scrub height
Ln Hmat. 14 = a + a1 × Ln E. MAD 15

mode + a2 × Ln I. min. 16 + a3 × Ln 2nd
R.E.2.5 17

a
a1
a2
a3

−8.3944
1.3001
4.2334
0.4808

0.5307 0.5846

Weight of tree
crowns

Ln Weight crowns 18 = a + a1 × Ln
T.R.mod. + a2 × Ln I.L3 19 + a3 × Ln

%1st R.Mode 20 + a4 × Ln %T.R.mod 21

a
a1
a2
a3

4.7816
−0.2616
0.0445

−55.07673

0.2156 0.7331

1 Hm: mean height; 2 E.P99: 99th percentile of elevation; 3 I.CV: coefficient of variation of intensity; 4 HBC: base canopy height; 5 E. max:
maximum elevation; 6 I.P1: first percentile of intensity; 7 G: basal area; 8 E.L4: L4 moment of elevation; 9 1st R.M.: first returns above
median; 10 P.A.: area profile; 11 Ø: mean normal diameter; 12 E. mod.: mode of the elevation; 13 T.R.mod: all returns above the mode (total
of the first returns); 14 Hmat: scrub height; 15 E. MAD mode: mode of absolute deviation of median elevation; 16 I. min: minimum intensity;
17 2nd R.E.2.5: second returns above median; 18 Weight crowns: weight of tree crowns; 19 I.L3: L3 moment of intensity; 20 %1st R.Mode:
percentage of first returns above the mode; 21 T.R.mod: percentage of all returns above the mode (total of the first returns).

Table 5. Models and model evaluation for Pinus spp. stand variables.

Variable Model Parameter Estimation Standard Error R2

Mean height Ln Hm = a + a1 × Ln I. kurtosis 1 + a2 ×
Ln % T.R.M. 2

a
a1
a2

0.9703
−0.1619
0.6587

0.1587 0.8201

Base canopy height Ln HBC = a + a1 × Ln E.L. kurtosis 3 + a2
× Ln % T.R.M.

a
a1
a2

0.9348
0.3393
0.6747

0.1985 0.8224

Z-height Ln H.Z. 4 = a + a1 × Ln E. L4 + a2 × Ln
%1st R.M. 5

a
a1
a2

0.4188
0.3471
0.7951

0.1983 0.8677

1 I. kurtosis: intensity of kurtosis; 2 % T.R.M.: percentage of all returns above mean; 3 E.L. kurtosis: logarithm of kurtosis elevation; 4 H.Z.:
Z-height, height between canopy base and scrubs; 5 %1st R.M.: percentage of first returns above the mean.

The coefficients of the models for the stand characteristics ranged from 0.4393 for
mean height to 0.8677 for Z-height (Tables 4 and 5), and the predicted values were similar to
those observed in most cases (Figure 6). In the values of the joint data of the Pinus spp. and
Quercus spp. genera present in the sampling plots, it can be seen the models did not yield
high R2 values. As such, statistical analysis was again conducted for each of the genera,
and obtained better determination coefficients for the dominant genus Pinus. The mean
height model had a coefficient of determination of between 0.4393 and 0.8201 (Table 5).
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The rules defined for classifying forest areas into fuel patterns (Appendix B) are mainly
based on tree and scrub cover, as well as the height of the tree, scrub, or grassland. These
characteristics are sufficient to differentiate between models associated with grass, grass
scrub, shrub, and litter grass scrub, but they made it difficult to differentiate between the
litter grass scrub model group and the litter slash group. For this reason, the canopy weight
variable was included in the rules because the higher the canopy weight, the greater the
litter layer under the canopy.

The proposed methodology was found to be 39.28% correct in terms of characterising
individual models (Table 6). When the models were grouped into clusters, the correct
assignment strongly increased the prediction in the tree stand (90.9% and 72.73%) compared
to the shrublands (40%) (Table 7).

Table 6. Predicted (based on the rules set in Table 6) and observed fuel models for the 28 inventory
plots.

Plot Observed Model Predicted Model

1 HPM4 HPM4
2 M4 M4
3 HPM5 HPM5
4 HR4 HPM4
5 HR4 HR4
6 HR6 HR1
7 HR3 HR1
8 HR7 HR2
9 HR7 HR1

10 HR4 M7
11 HPM4 HPM4
12 HPM5 HPM5
13 HR7 HR1
14 M7 HPM5
15 M4 HPM4
16 HR4 HR1
17 HPM4 HPM4
18 HPM5 HPM4
19 HR7 HR4
20 HR3 HPM4
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Table 6. Cont.

Plot Observed Model Predicted Model

21 HPM4 HPM4
22 M9 HR1
23 HPM4 HR1
24 M7 HR2
25 HR3 HPM5
26 HPM4 HPM4
27 HPM4 HPM4
28 HPM4 HPM4

Table 7. Groups of predicted (based on the rules in Appendix B) and observed fuel models for the
28 inventory plots, as well as the precision of the estimation.

Predicted Model

Observed Model Scrubs Litter Grass Scrub Litter Slash Accuracy by Model
Group (%)

Scrubs 1 1 1 40
Litter Grass Scrub 0 10 1 90.90

Litter Slash 1 3 8 72.73

4. Discussion

The use of the PNOA LiDAR to estimate stand variables has some limitations [29,30].
As can be seen, the mean height and height at the base of the canopy did not yield good fits,
although the variables were significant. Similar results were observed for other parameters,
such as basal area, normal diameter, and understory height. This was because the density
of pulses was low, so it was difficult for a high number of pulses to penetrate the tree
canopy and provide information on the vegetation below the canopy. In the area under
study, the canopy usually has no gaps, and it is possible that in more open areas, such as a
dehesa, the study of the stand characteristics with the PNOA LiDAR information would
yield better results [31]. To confirm this assumption, the same statistical study was carried
out using the stand characteristics while differentiating them by genus, and we obtained
the results shown in Table 5 for pine stands. The results obtained for Quercus spp. are
not shown in detail because their abundance was low and only generated noise. The low
density of pulses made it difficult to obtain information in stands with two strata where
one is dominated by the other.

The resulting models have shown strong quality compared to those of other studies in
which statistical analysis was performed using LiDAR data with a higher density of points,
such as the one developed in [32], in which the density was more than 4 pulses/m2 with
an R2 of 0.63 for the basal area variable. The results obtained in the characterisation of the
fuel models at the individual and group levels indicated that in most cases, the predicted
individual model was associated with another nearby model within the same group, so it
is necessary its adjust for future use. The number of times a litterfall residual model was
confounded with a scrub grass litterfall model is relatively high, so it would be appropriate
to study these specific cases to know the fit of the variables or even to add some new ones.
The precision of the scrub group was low and confused with the groups associated with
trees because they were vertically distributed at the same level as Quercus spp., in addition
to the fact that there were no large areas in which only scrub could be found, as can be seen
in the number of plots that this group had compared to the rest of the groups. Therefore,
it would be a good idea in the future to include basal area variable in order to be able to
better discern in which cases this is sufficiently high enough to be considered a limiting
factor for differentiation. Another possibility is that actions were carried out between the
flight and the field visit, so the structure obtained with LiDAR did not represent reality
and, therefore, the predicted model.
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The results obtained in this work had close relationships with the vegetation cover of
the pilot area defined for the development of the methodology. In the sampled area, shrub,
grassland, and slash models were found to have a low presence. In order to increase the
precision of the developed algorithms, the methodology is being applied in other protected
areas of the natural park where the representativeness of these groups of fuel models is
greater. This activity will allow us to evaluate the predictive capacity of the algorithms and
facilitate their applicability to other forest landscapes.

The improvement in the methodology used has been substantial, as it allows for the
accurate updating of an area with a minimum need for field visits. This update of the
coverage used in fuel models implies improvements in the optimisation of prevention
by allowing researchers to carry out simulations of potential fires with greater precision.
The best adjustment in the identification and characterisation of fuel models through
the developed LiDAR methodology will help to increase the quality and accuracy of
the prioritisation indices of defence actions against forest fires. In this sense, indices
that evaluate the potential fire behaviour (PFBI), the energetic release component of fire
propagation (Ice), and extinction difficulty (SDI) calculated based on a better quality of
forest fuel maps can decrease uncertainty in decision making.

These indices will also help to optimize firefighting tasks, since forest fires will be less
likely to behave in an unexpected way (Figure 7).
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5. Conclusions

The purpose of this study was to provide an accessible tool for forest managers and
emergency directors to characterise fuel models of their territories. In principle, it was
necessary to obtain models of the stand variables that constitute the forest mass, for which
the collection of field data was required. We performed statistical analyses of the dataset
prepared for the homogeneous stand existing in the forest. Following the first obtained
results, the decision was made to conduct statistical analysis for the dominant stratum of
the stand. This clarified the capability of low-density LiDAR in mixed stands.

From the generated models for the stand characteristics and the analysis, it was
possible to generate rules that allowed for the generation of coverage of the UCO40
fuel models on any area traversed with airborne LiDAR. The performed characterisation
showed that there was a high capacity to hit the fuel model group on tree-covered surfaces.
The same cannot be said for areas covered by scrubs, as the area under study had very few
of such areas; therefore, their characterisation was not optimised.

This methodology is useful for estimating the forest stand structure present in the
territory, as well as improving and updating its cartography. This tool has been made
available to emergency managers and administrators, streamlining decision making by
being fastand update. Especially in areas that are difficult to access and where, under
normal conditions, it would be impossible to assess their characteristics. Through this
study, a set of algorithms were obtained to calculate different stand variables with airborne
LiDAR, such as mean height, crown base height, basal area, normal mean diameter, shrub
height, crown weight, and Z-height.
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The high predictive capacity of the developed models is a guarantee of quality for
applications in protected surfaces with access restrictions to collect field information.
Likewise, the flow chart of the methodology and the division of the surface into groups
with different types of vegetation provide an application guide in other territories. This
advantage provides solutions to managers with responsibilities in the prevention and
extinction of forest fires.

The results of this study show that the generated information related to combustibility
has a high level of adjustment. This quality affects the characterisation of indices that pre-
dict the energy behaviour of fires. These indices improve the ability to predict suppression
opportunities in operational scenarios, assisting managers in planning activities for fire
defence in forest landscapes.

Another consequence of this study is our reduction of uncertainty by using an updated
and high precision fuel model mapping. With the results obtained in this study, it is possible
to identify areas that are optimal for extinguishing forest fires and to locate areas that can
be adapted for use and that do not have safety conditions for firefighters to carry out
suppression activities. These tools will undoubtedly increase the safety of suppression
operations and reduce uncertainty.
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Appendix A

The general fire-carrying fuel types are defined by the follow acronyms (the first name
is the acronyms from UCO40 and the second one is the acronyms defined by [22] in their
fuel models):

Grass Models:

P1 Model/GR1. The fire is spread for short grass (<0.3 m) with discontinuity in a Mediter-
ranean climate. Fuel load: 1.77 Tn/ha. Example places where it predominates: summits
and overgrazed areas.
P2 Model/GR2. The fire is spread for short grass (<0.3 m) with continuity in a Mediter-
ranean climate. Fuel load: 3.81 Tn/ha. Example places where it predominates: dehesas
and annual crops.
P3 Model/GR3. The fire is spread for grass with a height between 0.3 and 0.6 m with
discontinuity in a Mediterranean climate. Fuel load: 2.44 Tn/ha. Example places where it
predominates: reforestations.
P4 Model/GR4. The fire is spread for grass with a height between 0.3 and 0.6 m with
continuity in a Mediterranean climate. Fuel load: 3.86 Tn/ha. Example places where it
predominates: dehesas.
P5 Model/GR5. The fire is spread for grass with a height between 0.6 and 0.9 m with conti-
nuity in an Atlantic climate. Fuel load: 4.56 Tn/ha. Example places where it predominates:
natural grasslands and post-fire areas.
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P6 Model/GR6. The fire is spread for grass with a height between 0.6 and 0.9 m with
continuity in a Mediterranean climate. Fuel load: 5.45 Tn/ha. Example places where it
predominates: post-fire areas.
P7 Model/GR7. The fire is spread for grass with a height between 0.9 and 1.2 m with
continuity in a Mediterranean climate. Fuel load: 6.75 Tn/ha. Example places where it
predominates: abandoned crops.
P8 Model/GR8. The fire is spread for grass with a height between 0.9 and 1.2 m with conti-
nuity in an Atlantic climate. Fuel load: 7.45 Tn/ha. Example places where it predominates:
riverbanks.
P9 Model/GR9. The fire is spread for grass that is taller than 1.20 m with continuity in an
Atlantic climate. Fuel load: 23.08 Tn/ha. Example places where it predominates: reedbeds.

Grass Scrub Models:

PM1 Model/GS1. Mixture of grass and shrub with a height between 0.3 and 0.6 m with
discontinuity. Fuel load: 8.74 Tn/ha. Example places where it predominates: summits.
PM2 Model/GS2. Mixture of grass and shrub with a height between 0.6 and 1.2 m with
discontinuity. Fuel load: 22.45 Tn/ha. Example places where it predominates: zones where
Juniperus spp. predominates.
PM3 Model/GS3. Mixture of grass and shrub with a height between 0.3 and 0.6 m with
continuity. Fuel load: 20.89 Tn/ha. Example places where it predominates: zones where
Genista spp. predominates.
PM4 Model/GS4. Mixture of grass and shrub with a height between 0.6 and 1.2 m with
continuity. Fuel load: 43.79 Tn/ha. Example places where it predominates: zones where
Quercus spp. predominates.

Scrub Models:

M1 Model/SH1. Scrub with a height between 0 and 0.6 m with horizontal discontinuity.
Fuel load: 10.11 Tn/ha. Example places where it predominates: shrubby zones where
halophyte species predominates.
M2 Model/SH2. Scrub with a height between 0 and 0.6 m with horizontal continuity. Fuel
load: 20.41 Tn/ha. Example places where it predominates: shrubby zones where Juniperus
spp. predominates.
M3 Model/SH3. Scrub with a height between 0.6 and 1.5 m with horizontal continuity.
Fuel load: 23.87 Tn/ha. Example places where it predominates: shrubby zones where
Cistus spp. predominates.
M4 Model/SH4. Scrub with a height between 0.6 and 1.5 m with horizontal continuity,
this model has more trees than M3. Fuel load: 32.47 Tn/ha. Example places where it
predominates: shrubby zones where Pistacia spp. predominates.
M5 Model/SH5. Scrub and trees with a height of <7 m with horizontal and vertical
continuity. Fuel load: 37.49 Tn/ha. Example places where it predominates: polewood.
M6 Model/SH6. Scrub with a height between 0.6 and 1.5 m with horizontal discontinuity.
Fuel load: 17.70 Tn/ha. Example places where it predominates: shrubby zones where
Retama spp. predominates.
M7 Model/SH7. Scrub and trees with a height between <7 m with horizontal continuity
with scrubs of high height. Fuel load: 53.69 Tn/ha. Example places where it predominates:
shrubby zones where Mediterranean scrubs predominate.
M8 Model/SH8. Scrub with a height between 0.6 and 1.5 m with horizontal discontinuity;
this model has more trees than M6. Fuel load: 28.10 Tn/ha. Example places where it
predominates: shrubby zones where Quercus spp. predominates.
M9 Model/SH9. Scrub with a height between 1.5 and 2.5 m with horizontal and vertical
continuity. Fuel load: 68.50 Tn/ha. Example places where it predominates: shrubby zones
that have two strata and Mediterranean scrubs predominate.

Litter Grass Scrub Models:
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HPM1 Model/TU1. The primary carrier of fire is moderate forest litter from pines with
grass and scrub components with a height <0.3 m. Fuel load: 10.40 Tn/ha. Example places
where it predominates: treated areas of conifers with low presence and scrub height.
HPM2 Model/TU2. The primary carrier of fire is a low to moderate scrub load with a
height <0.3 m and litter load, with Quercus spp. overstory. Fuel load: 18.70 Tn/ha. Example
places where it predominates: predominant Quercus trees with low presence and scrub
height.
HPM3 Model/TU3. The primary carrier of fire is a moderate scrub load with a height of
0.3–0.9 m and litter load, with Eucalyptus spp. overstory. Fuel load: 23.99 Tn/ha. Example
places where it predominates: predominant Eucalyptus trees with colonization scrub.
HPM4 Model/TU4. The primary carrier of fire is a moderate scrub load with a height
of 0.3–0.9 m and litter load, with Pinus spp. overstory. Fuel load: 43.24 Tn/ha. Example
places where it predominates: conifer areas with scrub.
HPM5 Model/TU5. The primary carrier of fire is a high scrub load with a height >0.9 m
and litter load, with an overstory. Fuel load: 48.78 Tn/ha. Example places where it
predominates: reforestation areas without treatments.

Litter Slash:

HR1 Model/TL1. The fire is spread for broadleaf litter and twigs. Fuel load: 7.36 Tn/ha.
Example places where it predominates: recently burned forest.
HR2 Model/TL2. The fire is spread for broadleaf litter from hardwood. Fuel load:
6.26 Tn/ha. Example places where it predominates: oak and chestnut groves.
HR3 Model/TL3. The fire is spread for broadleaf litter from conifers and some twigs. Fuel
load: 3.63 Tn/ha. Example places where it predominates: conifers areas with small needles.
HR4 Model/TL4. The fire is spread for broadleaf litter from hardwood and some dis-
tributed twigs. Fuel load: 3.78 Tn/ha. Example places where it predominates: uncorked
cork oak trees.
HR5 Model/TL5. The fire is spread for broadleaf litter from conifers and some twigs; it is
similar to HR3 but with a greater load and compactness. Fuel load: 8.47 Tn/ha. Example
places where it predominates: conifer areas with big needles.
HR6 Model/TL6. The fire is spread for broadleaf litter from hardwood; it is similar to HR2
but with a greater load and less compactness. Fuel load: 10.74 Tn/ha. Example places
where it predominates: Eucalyptus reforestations.
HR7 Model/TL7. The fire is spread for broadleaf litter from conifers and twigs of greater
diameter than in HR5. Fuel load: 10 Tn/ha. Example places where it predominates: pines
with damage (illnesses).
HR8 Model/TL8. The fire is spread for moderate broadleaf litter with some organic matter.
Fuel load: 14.01 Tn/ha. Example places where it predominates: pines in terraces with slash
from treatments.
HR9 Model/TL9. The fire is spread for broadleaf litter, twigs, grass, and organic matter in
a continuous overstory. Fuel load: 29.46 Tn/ha. Example places where it predominates:
abandoned Eucalyptus.

Slash:

R1 Model/SB1. The primary carrier of fire is light slashes of 2.5–7.5 cm in diameter and
<0.3 m in depth. Fuel load: 25.82 Tn/ha.
R2 Model/SB2. The primary carrier of fire is moderate slashes of 0.3–0.5 m in depth. Fuel
load: 33.58 Tn/ha.
R3 Model/SB3. The primary carrier of fire is high slashes with diameters bigger than R1
and R2 and >0.6 m of depth. Fuel load: 77.5 Tn/ha.
R4 Model/SB4. The primary carriers of fire are very high slashes in a continuous overstory
where dead fuels of 10 and 100 h predominate. Fuel load: 130.29 Tn/ha.
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Appendix B

Table A1. Description of the UCO40 fuel models and the supporting variables assigned to them.

Models Fcca (%) 1 Fccm (%) 2 Tree Height (m) Scrub
Height (m)

Grass
Height (m)

Weight of Tree
Crowns (kg) Observations 3

P1 <10 <10 - - 0–0.3 - Summits
P2 <10 <10 - - 0–0.3 - Dehesas
P3 <10 <10 - - 0.3–0.6 - Reforestations
P4 <10 <10 - - 0.3–0.6 - Dehesas

P5 <10 <10 - - 0.6–0.9 -
Natural

grasslands or
Post-fire areas

P6 <10 <10 - - 0.6–0.9 - Post-fire areas

P7 <10 <10 - - 0.9–1.2 - Abandoned
crops

P8 <10 <10 - - 0.9–1.2 - Riverbanks
P9 <10 <10 - - 1.2–2.5 - Reedbeds

PM1 <25 <25 - 0.3–0.6 - Discontinuity
PM2 <25 <25 - 0.6–1.2 - Discontinuity
PM3 <25 >25 - 0.3–0.6 - Continuity
PM4 <25 >25 - 0.6–1.2 - Continuity
M1 <10 >50 - 0–0.6 - Discontinuity
M2 <10 >50 - 0–0.6 - Continuity
M3 <10 >50 - 0.6–1.5 - Continuity
M4 <50 >50 - 0.6–1.5 - Continuity
M5 <50 >50 <7 - - - Latizal
M6 <10 >50 - 0.6–1.5 - - Discontinuity
M7 <50 >50 <7 - - - High scrub
M8 <50 >50 - 0.6–1.5 - - Continuity
M9 <10 >50 - 1.5–2.5 - - Two strata

HPM1 >50 >25 >7 <0.3 - - Conifers
HPM2 >50 >25 <7 <0.3 - - Hardwood

HPM3 >50 >25 >7 0.3–0.9 - - Eucalyptus
stands

HPM4 >50 >25 >7 0.3–0.9 - - Conifers

HPM5 >50 >25 <7 >0.9 - -
Reforestation

without
treatment

HR1 >75 <10 >7 - - >12.78 Post-fire areas
HR2 >75 <10 >7 - - >25.56 Hardwood
HR3 >75 <10 >7 - - >38.34 Conifers
HR4 >75 <10 >7 - - >51.12 Hardwood
HR5 >75 <10 >7 - - >63.90 Conifers
HR6 >75 <10 >7 - - >76.68 Conifers
HR7 >75 <10 >7 - - >89.46 Mixed
HR8 >75 <10 >7 - - >102.24 Conifers

HR9 >75 <10 >7 - - >115.02 Eucalyptus
stands

1 Fcca: tree canopy cover; 2 Fccm: scrubs canopy cover; 3 Observations: the most likely locations where these models are located, their
distribution, and divisions of the vegetation stratum.
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