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Abstract: The assessment of fire effects in Aleppo pine forests is crucial for guiding the recovery of
burnt areas. This study presents a methodology using UAV-LiDAR data to quantify malleability and
elasticity in four burnt areas (1970, 1995, 2008 and 2015) through the statistical analysis of different
metrics related to height structure and diversity (Height mean, 99th percentile and Coefficient of
Variation), coverage, relative shape and distribution strata (Canopy Cover, Canopy Relief Ratio
and Strata Percent Coverage), and canopy complexity (Profile Area and Profile Area Change). In
general terms, malleability decreases over time in forest ecosystems that have been affected by
wildfires, whereas elasticity is higher than what has been determined in previous studies. However,
a particular specificity has been detected from the 1995 fire, so we can assume that there are other
situational factors that may be affecting ecosystem resilience. LiDAR metrics and uni-temporal
sampling between burnt sectors and control aids are used to understand community resilience and to
identify the different recovery stages in P. halepensis forests.
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1. Introduction

Wildfires are at the core of ecosystems’ natural dynamics within the Mediterranean
region, being one of the main landscape-shaping agents [1–3], especially when we consider
the current context of global change [4–8]. Despite the negative environmental, social and
economic impacts it may have, the planet’s biodiversity cannot be fully understood without
recognizing the role that fires have played as shaping agents in the global distribution
of biomes [9,10]. It is expected that both the frequency and intensity of these events will
increase [11–16]. This, in turn, will make the analysis of their effects and the evolution and
recovery of affected ecosystems key to optimal forest management in terms of ecological
sustainability [5,17–19].

In addition to the effects caused by climate change in Mediterranean ecosystems, the
anticipated intensification of wildfires is attributable to the abandonment of agricultural
lands and the consequent homogenization of the landscape, stemming from the transfor-
mation of the social and economic model over the past decades [20–25]. The effects that
wildfires have on the physical environment are numerous and are largely dependent on
their severity [26–30]. Regarding vegetation, the total or partial combustion of the plant
fraction, dehydration and damage, generate greater susceptibility to diseases, fungi and
insects. The resistance of plants to fire depends on their physiognomic and physiological
characteristics as well as the development of adaptive strategies. Fire affects different parts
of the canopy [31–35], with the aerial parts usually being the most damaged [36,37]. In
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addition, it also gives rise to effects on the physicochemical and biological properties of the
soil and, consequently, hydrogeological processes [38–43]. In summary, these combined
effects have consequences on the eco-physiological dynamics themselves, perhaps causing
them to become compromised.

In this context, a coevolution of plant communities occurs along with the fires, as
they are part of their own evolutionary dynamics [44–47]. In this regard, many typical
Mediterranean plant formations, such as Pinus halepensis, Quercus coccifera, Quercus ilex and
others, undergo certain transformations that allow for the spatial and temporal continuity
of these species, despite—and thanks to—the occurrence of such events [48–51]. Serotiny is
an adaptative strategy of Pinus halepensis that stores seeds in closed cones to protect them
from fire and allows for a massive release of seeds after a fire. Resprouting is the ability to
generate new shoots from dormant buds after the aerial fractions have been destroyed by
fire [52] and is an efficient fire-resistant mechanism [53], as is the case with Quercus coccifera.

Therefore, there is an intense profusion of sprouting and germination mechanisms
after the fire, driven by pre-existing species and seeds, which can lead to rapid vegetation
cover [45,54]. Regeneration in the case of Aleppo pine forests is well documented [55].
Within a normal fire regime, post-fire regeneration follows a relatively straightforward
process [56,57], with high seedling density in the early post-fire stages [58].

Wildfires cause disruption and reformulation in at least three basic dimensions within
forest communities: structure, composition and eco-physiological functioning [18,59–61]. In
addition to the obvious decrease in coverage and biomass, physiological and morphological
changes occur. These modify the factors that influence evolutionary dynamics: water
storage capacity, increased runoff, higher surface temperatures, recolonization by better-
suited species, etc., [62–64].

The analysis of vegetation structure (e.g., the variability in vegetation height) is one
of the key parts of information for its evaluation, due to the role this parameter plays in
the functioning and stability of Mediterranean ecosystems [65–67]. The impact of fire on
vegetation structure involves the partial or total elimination of biomass, which generates
a decrease in structural values, as well as changes to its diversity and complexity that
generating a derived ecosystem impact.

In regard to analyzing the effects of fire, the approach concerning the concept of
resilience allows us to quantify the levels of recovery attributed to the affected plant
communities. Holling defines resilience as the capacity of an ecosystem to absorb changes
in state variables, which are produced in response to certain factors that generate damage
or stress [68]. He outlines two different ways of envisaging resilience [69]: Engineering
resilience assumes that there is a state of global stability, and measures resilience as the
resistance applied when faced with a disturbance and the speed of return to the equilibrium
point; Ecological resilience assumes that there can be different alternative stable states, thus
referring to the property that mediates the transition between multiple stable states.

Remote sensing is a well-established technique used to monitor active fires [70], as
well as their effects in the short, medium and long terms, and, consequently, the recovery
process [61,71–75]. Resilience is a property that can be analyzed through the application of
remote sensing techniques [71,74,76–80] and by analyzing the structure of the vegetation
canopy [81–84].

In recent years, the use of Light Detection and Ranging (LiDAR) has grown expo-
nentially as these sensors allow for the determination of a canopy structure due to their
penetrating capabilities [85–88]. LiDAR has the capability to characterize ecosystem struc-
tural features relevant to many key elements that determine resilience in forest commu-
nities [89–91]. In recent decades, LiDAR sensors, which are mounted on aircrafts, has
growing in importance and has been used as a primary resource for conducting forest
inventories, determining fuel characteristics, or more directly, related to the effects of fire
through analyzing the diversity of forest structure [92–97].

The use of Unmanned Aerial Systems (UASs) to obtain metrics of forest canopy
structure in burnt areas is still not widely exploited, despite showing great potential
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in the following areas [98–100]: higher spatial resolution than any other platform, low
operational costs (ease of acquisition and simple handling), on-demand temporal resolution,
avoiding inadequate weather conditions and the capacity to host a wide range of sensors.
There are some articles that use UASs to analyze forest structure to develop cartographic
products that are related to fuel models [101–103], fire severity [104–106] and fire-induced
damage [107–109]. However, as far as we know, there is a gap in the employment of UASs
to measure the recovery of forest structures in Mediterranean ecosystems in the medium
and long terms.

In this article, using LiDAR data obtained from UASs, we are focus on two particular
properties of resilience from the point of view of engineering resilience [110]:

• Malleability is a quantifiable property that describes the degree of similarity between
two steady states separated by a disturbance, thus enabling the assessment of the
degree of recovery for affected plant formations [111].

• Elasticity is a property of resilience that describes, through a measurement of time, the
speed at which systems return close to their initial state after a disturbance [111,112].

Both properties can be analyzed through LiDAR-UAS data across a chronosequence.
With the different fires being examined from a qualitative point of view, the degree of
similarity/dissimilarity among the structures of the burnt areas and the control areas will
define the degree of malleability (more similar = less malleability). To analyze elasticity,
these differences will be quantified in temporal terms, depending on the number post-fire
years that have elapsed.

In view of this, this study aims to evaluate post-fire vegetation recovery by comparing
burnt and control sectors using LiDAR metrics related to vegetation structure (canopy
height, density and physiognomic complexity). The study focuses on Aleppo pines with
kermes oak formations (Ph-Qcc) that were affected by four forest wildfires that occurred
over four different years, approximately during the last 50 years. Said years are 1970, 1995,
2008 and 2015.

For the purpose of analyzing resilience in these typical Mediterranean formations,
a diachronic analysis will be conducted from a uni-temporal perspective (i.e., fires that
occurred in different years will be analyzed from a specific moment in time). In this regard,
areas of analysis have been delimited, which include burnt sectors from different fires and
their respective control sectors, connected to burnt sectors, to ensure that the comparative
analysis is equitable.

We hypothesize that: (a) the accuracy and precision of UAS data allow for the detection
of variations in structure, resulting from different stages of post-fire ecosystem evolution;
and (b) the experimental design, which is based on the analysis between burnt and control
zones located in different forest fires, enables the quantification of resilience in terms of
malleability and elasticity.

2. Materials and Methods
2.1. Study Area

The wildfires affected Aleppo pine (Pinus halepensis Mill.) stands with Quermes oak
(Quercus coccifera) in two different areas—although both share environmental characteristics—
located in the province of Zaragoza, in Aragón (Spain). First, in the Montes of Zuera region
(Zaragoza, Spain), fires occurred in 1970, 1995 and 2008. Second, in the Sierra de Luna
(Zaragoza, Spain) region, the most recent fire took place in 2015. This area was chosen because,
over a small portion of land, numerous incidents appear, separated by time, affecting the
same plant community and, therefore, having shared environmental characteristics. These
fires were representative of the fire regime in the area.

The chosen areas, shown in Figure 1, were representative of each fire and sufficiently
accessible. With this goal in mind, preliminary diagnostic work was carried out in the
office, which consisted of analyzing orthophotographs and cartography derived from DEM
(downloaded from the National Center of Geographic Information). In addition, these
areas allowed the UAS device to connect to Real-Time Kinematic (RTK) positioning, called
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ARAGEA, which is used to provide highly accurate positioning and navigation data. To
verify the representativeness of this, severity levels were extracted from selected footprints
using Montorio et al.’s methodology (2020), and it was confirmed that the severity level
of the Burnt Plots matched that of the fires [113]. In accordance with Tobler’s First Law
of Geography [114], both the burnt and control sectors were closely situated, to ensure
the environmental homogeneity of their characteristics. With the same objective in mind,
the burnt areas were spatially connected to unburnt areas, that can serve as controls (i.e.,
areas with the same characteristics prior to the disturbance). Although, this choice of
control zones can lead to cross interference, ensuring that the environmental and morpho-
topographic conditions are as homogeneous as possible and, ultimately, exhibit maximum
similarity, meaning that this experimental area design was chosen. The severity smoothing
factor that could arise from the choice of a terminal zone for the fire was not determined, as
confirmed in the aforementioned severity analysis.
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Figure 1. Study area localization (EPSG: 25830). In light pink: contours of burnt areas in
Aragón (Spain).

Both areas are approximately located within a spatial range of 25 to 50 km northeast
of Zaragoza, Spain. The average elevation ranges from 500 to 750 m above sea level, on
top of a structural platform formed by Miocene carbonate, as well as marl and sandstone
sediments, arranged on horizontal strata. The terrain is undulating, with a wide variety of
valley-slope succession orientations, resulting in a configuration of main and secondary
valleys [115].

The area has a Mediterranean continental climate, with an average annual temperature
ranging from 11 ◦C to 13 ◦C. The average monthly maximum temperatures during the
summer reach around 30 ◦C, often exceeding this mark. Daily maximum temperatures
can reach up to 40 ◦C. The average monthly temperatures during the winter reach around
5 ◦C, with frequent frosts. Seasonal and daily temperature variations are significant, with a
range of more than 15 ◦C in both cases. The average annual precipitation is over 450 L/m2,
with minimum levels in the summer and frequent droughts [116].
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2.2. UAV Data Acquisition

In the first phase of the process, four flights were conducted in the spring of 2023:
16 March for the 1970 fire, 22 March for the 1995 and 2008 fires and 3rd March for the
2015 fire. The Unmanned Aerial Vehicle (UAV) used was the DJI Matrice 300 RTK, a
quadcopter equipped with a DJI Zenmuse-L1 LiDAR sensor. This sensor operates at a
wavelength of 905 nm, with a range of 450 m and an accuracy of 2–3 cm. This high spatial
resolution guarantees that the structural characteristics of the vegetation can be precisely
monitored and in detailed scale. The UAV is also equipped with an optical camera and an
enhanced inertial measurement system by DJI.

As mentioned previously, plots were defined in fire-affected areas during different
years, along with their respective contiguous Control Plots, so that we could observe
and quantify differences. The recovery rate of the post-fire plant structure was analyzed
from a single moment in time, so as to observe the different regenerative dynamics (thus
the degree of malleability) depending on the time elapsed. The uni-temporal nature of
the measurements ensured that the comparative analysis was equitable. This approach,
using a linear matrix method, implies the absence of corresponding elements (pixels),
thereby ensuring that any differences between burnt and control sectors reflect different
regeneration patterns.

As can be seen in Figure 2, the flight plan was plotted over areas covering approx-
imately 6–10 hectares, with contiguous passes at a constant altitude of 100 m above the
Digital Elevation Model (downloaded from the National Center of Geographic Information-
PNOA Project). The average flight speed was 7 m/s, with a transverse and frontal overlap
of 80%, resulting in a point density of approximately 450 points per square meter.
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2.3. UAV Data Processing

The data collected were processed using DJI Terra v 4.21 software, designed to recon-
struct 3D models, which allowed for data extraction and conversion to the .las format. Data
cleaning, ground point classification and height normalization were conducted following
Montealegre et al. (2016), using the MCC-LiDAR version 2.1. command line tool [117,118].

Within the flight footprints, smaller homogeneous areas were delimited to capture the
structural variability in the burnt sectors and their respective controls (Figure 3). This was
performed without overcomplicating data processing due to their large volume. The plots
(burnt and control for each fire) were 1600 m2, ensuring that the topographic parameters
(orientation and slope) were comparable, as differences between these parameters can lead
to differential structural characteristics. The average distance between burnt and control
sectors is 171.75 m. This criterion of contiguity and minimum distance aims to ensure
maximum similarity between sectors, as mentioned in the previous section.
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Forest structural metrics were extracted at the plot scale using FUSION/LDV v.4.21
software. These metrics that have been used in other studies [90,119,120] allowed us to
characterize the forest structure accurately, thanks to a spatial resolution of 0.5 m. Canopy
Cover is the proportion of the ground covered by the vertical projection of the vegetation
and tree (or shrub) crowns. The analysis of Canopy Cover (CC) was conducted using a
pixel size of 5 m. This should be larger than the tree coverage area, so as to avoid erroneous
estimations [121].

CC =

(
1 − ∑n

i=1 ziz>0.05

n

)
× 100 (1)

where i is the laser return, n is the total number of returns and z is the height of the LiDAR
return, taken with a minimum threshold of 5 cm.

Height distribution is represented by the mean height (Hm) and the 99th percentile
(P99), while height variability is captured by the coefficient of variation (CV).

CV =
σ

X
∗ 100 (2)

where σ is the standard deviation and X is the mean height of the LiDAR returns for
each pixel.

The Canopy Relief Ratio (CRR) is a measure (0–1) that indicates whether the canopy is
positioned at the top (>0.5) or bottom (<0.5) of the pixel.

CRR =
Z − Zmin

Zmax− Zmin
(3)

where Zmin, Zmax and Z are the minimum, maximum and mean height of the LiDAR
returns for each pixel.
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These indicators of cover (Canopy Cover), mean and percentile of height (height mean,
99th percentile); diversity (coefficient of variation, Canopy Relief Ratio); and complexity
(Profile Area Change) are representative of the physiognomic characteristics of forests
and, therefore, can be used to infer many ecosystem functions [90]. While the indicators
of height (Hm and P99) and the percentage of cover (CC) may affect the gas exchange
process for photosynthesis, the amount of light received and, therefore, the productivity
and carbon storage [122,123] diversity (CV, CRR) are related to understory competition,
species composition and diversity [124,125].

Hu et al. (2019) introduced two multitemporal metrics: Profile Area (PA) and Profile
Area Change (PAC) [126]. PA determines the degree of vertical stratification connectivity,
because it assesses biomass at different height strata through the vertical distribution of
LiDAR returns.

PA =
∫ 100%

0
f (percentile) d (percentile) (4)

PAC describes changes between burnt and control sectors by carrying out a
simple subtraction.

PAC = PApre − PApost (5)

Profile Area is a metric that can help us quantify the structural changes produced after
fires [126]. In this paper, we use it as a proxy to analyze resilience, given that it is related to
structural complexity. Therefore, it connects with ecosystem functions.

Moreover, the percentage of vegetation coverage per unit area (Canopy Cover—CC)
was analyzed, along with strata-level analysis, by adapting the Bertrand design (1966) [127].
The calculated metrics are the percentage of each stratum relative to the total pixel and
associated coefficient of variation defining the following levels: <0.5 m (lower understory);
0.5 m–1 m (upper understory); 1 m–3 m (shrub layer); 3 m–5 m (undertree layer); and
greater than 5 m (tree layer).

Finally, Geographical Information Systems (GISs) were used for spatial data vi-
sualization (ArcGIS for Desktop 10.8.1), as well as for the incorporation of additional
informational parameters.

2.4. Statistical Analysis

The statistical analysis applied was organized into three levels:
Firstly, different types of comparison analysis were developed (Cumulative frequency

distribution—Kolmogorov–Smirnov and Mann–Whitney U tests for independent samples)
to determine the differences between selected metrics in burnt vs. control sectors for each
year. D-statistic (K-S) was used to demonstrate the magnitude of differences between Burnt
Plots (BPs) and Control Plots (CPs), as it is sensitive to differences in both the location and
shape of the cumulative distribution function. The statistical probability associated with the
U statistics allows us to surmise whether there are differences between the analyzed groups
or not. Secondly, the influence of disturbance age and the fire factor (BP/CP) were analyzed
using variance analysis, considering the combined effect resulting from the interaction
between both factors.

Given the non-parametric nature of the data, a Kruskal–Wallis analysis was performed,
which serves as a proxy for the explained variance in R squared from the ANOVA analysis.
Following Sheskin, 2003 [128], the proportion of variation in the ranges explained by the
different groups is expressed through the η squared statistic. Thirdly, statistical parameters
of dispersion—coefficient of variation—were used for strata coverage data, relative to the
total pixel surface area (including those corresponding to ground surface).

3. Results
3.1. Coverage Analysis

In Figure 4, a greater diversity in percentage coverage, across all areas, is observed in
the control sectors (CPs) compared to the burnt sectors (BPs) (i.e., the interquartile range is
wider in CPs compared to BPs), given the 5 m pixel size.
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Figure 4. Boxplot of Canopy Cover (percentage of ground covered by the vertical projection of the
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Boxes are arranged chronologically (most recent on the left and oldest on the right). The orange cross
represents the mean value.

The Interquartile Range (IQR) of the control sectors is consistently higher, resulting in
a higher percentage of Canopy Cover in CPs compared to BPs, except in 1995 where the
entire IQR of BPs is above 90%. This CP > BP difference increases with each passing fire
(except in 1995), although the BP values in 2008 are lower than those in 2015.

In general, a very homogeneous response is observed between sectors from the
1970 fire, in contrast with what is observed in the more recent fires, where most cases
are concentrated below 10%. Meanwhile, the 1995 fire shows exceptional characteristics,
with all cases concentrated above 90% in BPs.

In Appendix A, coverage percentage charts by strata are included to analyze stand
density across different canopy levels (Figures A1–A4).

Table 1 shows the evolution of differences between sectors. Significant differences
(p < 0.05) are observed between sectors in all cases, with the actual magnitude and the D
indicator increasing as the fire’s age decreases. The exception is 1995, which shows the
highest difference in value, but with a contrasting trend compared to the others (BP > CP,
whereas in the rest CP > BP).

Table 1. Differences of Canopy Cover between sectors (Burnt Plot–Control Plot) by wildfire, and
magnitude of these differences, shown with D-statistic.

Year Difference (%) D Statistic

1970 −14.248 0.406
1995 59.193 0.906
2008 −58.147 0.984
2015 −59.293 0.969

3.2. LiDAR Metrics

The characterization of the structure was conducted using the metrics described in
Section 2.1. The cumulative relative frequency plots for each metric illustrate the degree
of similarity–dissimilarity among the regenerated structures and their respective controls
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(Figure 5). The statistical significance of the information collected in this Figure is outlined
more specifically in Table 2.
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Figure 5. Distribution of cumulative relative frequencies (in green: Control Sectors; in red: Burnt
Sectors) by wildfire for Canopy Relief Ratio (first row), coefficient of variation (second row), height
mean (third row), 99th percentile (fourth row) and Profile Area (fifth row). Graphics are arranged
chronologically (most recent on the left and oldest on the right).
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The Canopy Relief Ratio (CRR) shows an association in distribution for the oldest fire
(1970). However, in the other three fires, there is a clear asymmetrical factor that increases
in the more recent fires. The “step” located around zero in the different plots defines the
number of ground pixels for each sector. In 1995, there is a higher concentration of canopy
at the top of the burnt area, whereas in the more recent fires (2008 and 2015)—which exhibit
similar distribution characteristics—there are abundant ground pixels, notably higher in
the 2015 fire.

The height mean (Hm) displays a clear pattern of similarity in the more recent fires,
where the largest differences are recorded: CPs have a normal distribution, and there is a
concentration of almost all cases of BPs below 2 m. In the case of 1970, there is a breakpoint
starting from 0.3 m, highlighting the lower height in BPs, which records all cases below six
meters. The 1995 control shows a distribution with a certain concentration of pixels with
low height (<1 m), while the canopy of colonizing communities shows dominant heights
between 2 and 5 m.

In the coefficient of variation (CV) analysis, the ground pixels have not been included
to avoid potential distortion factors and to enhance comparability across different fires.
Therefore, this action will be conducted later. There is a certain similarity in the shape of the
histograms: curves clearly associated between burnt and control areas for the years 1970 and
2015. The CV is lower in CPs, indicating greater homogeneity in canopy height variability.
The 1995 fire presents a contrasting situation, where the BP is more homogeneous than the
CP. In the 2008 fire, the pattern is comparable to 2015, albeit with an intersection around 0.3.

The 99th percentile (P99) shows distribution features almost comparable to its mean
height, but with a slight shift on the coordinate axis for all cases. The largest differences are
found in the year 2008, where no values above 2 m are observed for BPs, while in CPs, 80%
of the pixels are above 4 m and even reach heights exceeding 10 m. The year 2015 exhibits
a similar pattern, although CPs show a slightly greater concentration in the higher values.

The Profile Area (PA) is a measure of canopy structural complexity Akin to the
CRR. There is a “step” observed at the 0 value, which defines the number of ground
pixels. Different distributions are observed between sectors, except for the 1970 fire, which
presents an association. The BP profiles of the more recent fires exhibit a logarithmic
character and are positioned above CPs. In the case of 1995, the profiles show a highly
asymmetrical character, running below CPs. The application of Profile Area Change
(PAC) yields positive values for the fires in 1970 (11.66), 2008 (34.70) and 2015 (36.21), and
negative for 1995 (−34.67). Therefore, for 1995, there is higher complexity and density
of regenerated vegetation compared to other years, while 1970 shows greater similarity
between regenerated structures and their controls.

In Table 2, the differences in metrics—both absolute and normalized for comparability—
between burnt sectors and their respective controls are outlined.

Table 2. Absolute differences (Burnt Plot–Control Plot) and normalized differences (BP − CP/BP +
CP) of the various metrics analyzed for year. Acronyms: CRR = Canopy Relief Ratio; CV = coefficient
of variation; Hm = height mean; P99 = 99th percentile; PA = Profile Area. Significant differences
between burnt sectors and their controls are analyzed with the D-statistic (Kolmogorov–Smirnov test).

Year 1970 Year 1995 Year 2008 Year 2015

Metrics Dif (abs) Dif (nor) Dif (abs) Dif (nor) Dif (abs) Dif (nor) Dif (abs) Dif (nor)

CRR −0.047 * −0.042 * 0.129 * 0.114 * −0.268 * −0.295 * −0.339 * −0.380 *
CV 0.159 * 0.222 * −0.261 −0.382 0.022 0.027 0.098 0.154 *
Hm −2.588 * −0.400 * 1.334 * 0.202 * −4.529 * −0.937 * −5.202 * −0.944 *
P99 −2.661 * −0.326 * 1.242 * 0.147 * −5.586 * −0.909 * −6.155 * −0.922 *
PA −11.663 * −0.102 * 34.668 * 0.285 * −34.704 * −0.457 * −36.213 * −0.495 *

* Differences are statistically significant, with a threshold of 0.01.
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Generally, increasing differences are observed as the fire age decreases, except for CV,
Hm and P99 in the year 1995. This fire exhibits a different recovery behavior compared to
the metrics of all the others, indicating its anomalous nature (i.e., the regenerated structures
show greater development, complexity, higher relative form and structural homogeneity in
the burnt sector, in contrast to the other fires). In Appendix A, the differences between the
burnt sectors of the different fires are shown (Table A1).

The ground pixels (Table 3) show a similar number of cases in the control areas for
different fires. However, in the burnt areas, there is a clear increase in the more recent fires,
resulting in a larger area with no vegetative growth (less than 5 cm).

Table 3. Ground pixels (Burnt Plot–Control Plot) in the analyzed fires and the difference between
both. Over a total of 6400 pixels for each type of plot.

Year Burnt Control Dif (Burnt–Control)

1970 229 292 −63
1995 10 233 −223
2008 1592 341 1251
2015 2357 308 2049

In Figure 6, we can observe that the magnitude of the differences—indicated by the
lines of the D-statistic—increases with each passing fire, except for the CV, which shows
the opposite trend. However, as we have corroborated, the 1995 fire disrupts the pattern
of the analyzed regeneration process, as the differences in trends change compared to the
other fires.
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The Kruskal–Wallis analysis (fire age and type of sector —burnt/control— vs. both
factors) shows the complementarity of the factors analyzed, since the interaction between
both improves the explanatory capacity of the models, at least doubling it for all metrics,
especially in the CV (Table 4). The explained variance ranges from 15.9% for the CV to 49
for P99 and height mean.
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Table 4. Results of adapted Kruskal–Wallis analysis (η2). Central column [η2
(without interaction)]

shows the result of the analysis without an interaction between fire age and type of sector. Right
column [η2

(with interaction)] shows the result of the analysis with an interaction between both variables.
Acronyms: CRR = Canopy Relief Ratio; CV = coefficient of variation; Hm = height mean; P99 = 99th
percentile; PA = Profile Area.

Metric η2
(Without Interaction) η2

(with Interaction)

CRR 0.109 0.254
CV 0.025 0.159
Hm 0.265 0.495
P99 0.289 0.498
PA 0.163 0.375

3.3. Characterization by Strata

The percentage of coverage by strata, according to the height ranges outlined (<0.5 m;
0.5 m–1 m; 1 m–3 m; 3 m–5 m; >5 m), allows the vertical profile of vegetation structure to
be characterized. In Figure 7, strata distributions are shown, with regard to the time period
that has elapsed between fires and drawing a space between graphs in proportion to this.

In the more recent fires (2015 and 2008), the sum of the percentages of the lower strata
(<0.5 m and 0.5 m–1 m) constitutes nearly 100% of the burnt areas. A more advanced state
of recovery can be observed after the 2008 fire, since the percentage of ground cover is
lower in this one (24.88% for 2008 vs. 36.83% for 2015) and the percentages of the 0.5 m to
1 m level are higher: 71.64% and 57.11%, respectively. The intermediate strata (1 m to 5 m)
show minimal coverage (0.78% for 2008 and 2.66% for 2015) compared to their controls,
while the upper strata have no representation (<0.01%), with the highest level (upper than
5 m) predominating in their respective CPs.

In the 1970 wildfire, the upper stratum (>5 m) is not as extensively represented in BPs
as in CPs (2.70% vs. 48.90%). Conversely, the following levels (1 m to 5 m) have a much
higher coverage in BPs (52.03%) than in CPs (18.78%). Similarly, the lower stratum (0.5 m
to 1 m) shows notably higher coverage in BPs than in CPs (more than 10% difference).

In the case of the 1995 fire, a different pattern is observed compared to the other
wildfires. The undertree level (3 m to 5 m) covers 65.52% of BPs, while in its control area
it only covers 5.82%, indicating a similar trend of massive and homogeneous growth of
regenerated structures. However, the first level (lower than 0.5 m) covers a much larger
percentage of area in CPs than in BPs (55.31% compared with 7.71%). Similarly, the upper
stratum has greater coverage in CPs (24.63% compared with 14.72% in BPs). In Appendix A,
the numerical data of strata distribution of fires can be observed (Table A2).

The coefficient of variation analysis allows us to assess the degree of structural hetero-
geneity within each stratum (Table 5).

Structural heterogeneity is at its most elevated in the lowest level in all cases, despite
having a narrower range (50 cm). Additionally, the differences between burnt sectors and
their controls are the greatest in this stratum across all wildfires. There is also a vertical
gradient showing decreasing differences in height, even though the range increases with
height. The upper stratum shows the least differences, despite having the widest range (in
some cases >5 m).

Recent wildfires show statistically significant differences in the lower strata, whereas
the 1970 wildfire exhibits significant differences in the lower, intermediate and upper strata.
The 1995 wildfire does not show any statistically significant differences.
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Table 5. Coefficient of variation by strata, sector and wildfire. Significant differences between burnt
sectors and their controls are analyzed by using the Mann–Whitney U test.

Year 1970 Year 1995 Year 2008 Year 2015
Metrics Burn Control Burnt Control Burnt Control Burnt Control

<0.5 m 6.846 * 15.999 * 6.112 6.294 21.235 * 6.995 * 11.441 * 15.339 *

0.5 m–1 m 0.156 0.153 0.154 0.140 0.135 0.140 0.136 * 0.147 *

1 m–3 m 0.149 * 0.140 * 0.135 0.105 0.100 0.114 0.098 0.110

3 m–5 m 0.069 0.073 0.069 0.052 0.000 0.051 0.036 0.056

>5 m 0.031 * 0.059 * 0.034 0.075 0.000 0.048 0.000 0.061

* Differences are statistically significant, with a threshold of 0.01.
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4. Discussion
4.1. Methodological Approach

The uni-temporal nature of observations allows for a diachronic analysis of the dif-
ferences that arise from the impacts that fires have had on forest areas. This is performed
by comparing areas unaffected by fires with those that have been affected. This method-
ological approach, which has been employed in other studies [36,129,130], is supported
by: (a) the identification of the Vegetal Community and environmental factors, the conti-
guity and size of different sectors allowing for this; and (b) the varying chronology of the
fires, which enables the analysis of malleability and, consequently, the quantification of
ecosystem elasticity.

As we have verified, and as outlined in Section 2.1, severity levels for the different
wildfires were obtained from the cartographies by using Montorio et al.’s work (2020),
revealing high-severity levels across all analyzed fire areas, consistent with their find-
ings [113]. This approach has also been adopted in other studies for the analysis of Aleppo
pine chronosequences [55,131], or through the use of radar data in the same area as our
study [129].

However, it is worth noting that this method does not support comparability between
the burnt areas or their pre-fire condition, as their respective control areas have undergone
their own ecosystem dynamics, potentially resulting in structural and eco-physiological
changes. Nevertheless, the post-fire dynamics have been driven by factors that are equally
applicable to both burnt and control areas, enabling the methodology to assess the degree
of similarity or dissimilarity between them. Therefore, this analysis is considered suitable
for use when evaluating malleability and elasticity, both measurable properties that allow
for the assessment of resilience in forest ecosystems.

4.2. Physiognomic–Structural Characteristics Related to Resilience
4.2.1. Height Structure and Diversity (Height Mean, 99th Percentile and Coefficient
of Variation)

The time factor determines the level of growth—and consequently, recovery—of struc-
tures affected by fires [1,82,101,132]. Therefore, one would expect to observe a direct rela-
tionship between the degree of growth and post-fire time, leading to a decrease in the mag-
nitude of differences over time between fire-affected areas and analogous unburnt areas.

In the case of height metrics (both height mean and P99), a decrease in differences
over time, post-disturbance, has been confirmed. However, as noted in the Section 3, the
1995 fire represents a clear anomaly, where height metrics record higher values in the burnt
areas. This phenomenon could be explained by the differences in fire intensity, where the
temperatures reached during the event were high enough to favor the release of seeds from
serotinous cones and the complete combustion—including the destruction of rhizomes—of
resprouting species, thereby eliminating competition for the future development of Pinus
halepensis. As observed, this species can reach greater heights than Quercus coccifera and may
experience massive and homogeneous growth [133]. Although the geographic proximity
between study areas (year–fire) does not suggest differences in structural factors that may
explain this phenomenon, a more detailed analysis could be overseen to detect possible
situational differences.

Regarding structural diversity, there is a detectable increasing pattern related to the
age of the fire. The 1970 fire shows greater structural diversity than the more recent fires.
Considering that this diversity has a positive ecological effect [134,135], we can determine
that older fires, having had more time to stabilize, exhibit a lower degree of malleability and,
consequently, greater resilience. The results, however, do not reveal a pattern that explains
the variability of differences among the levels analyzed, despite the assumption of low
elasticity for these types of formations, where fire is an integral part of their evolutionary
dynamics [136]. It would be interesting to know the age of the specimens at the time of the
different fires, as the fertility of P. halepensis varies over time, ending its juvenile stage at
3–6 years old and reaching reproductive maturity at an age of 15–30 years [137].
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4.2.2. Coverage, Relative Shape and Distribution of Strata (Canopy Cover, Canopy Relief
Ratio and Strata Percent Coverage)

The percentage of vegetation cover, expressed through the Canopy Cover metric,
indicates a greater recovery of fire-affected structures over time. Consequently, more similar
distributions are observed in the 1970 fire compared with the more recent fires.

Canopy Cover is expected to increase over time [65,101], eventually reaching a point
close to its initial state, where the differences between the burnt and control sectors are
minimal. Although other studies have reported recovery periods of less than 20 years
for these vegetation formations [138,139], it has been observed that this time frame may
be insufficient in some cases. This suggests that other factors might be influencing the
recovery process, thereby determining the degree of ecosystem elasticity.

In the analyzed fires, the canopy cover was lower in the burnt sectors than in their
controls, except for the 1995 fire, which showed an inverse trend, and the 1970 fire, where
levels were closer between sectors. Although this study quantifies ecosystem malleability
and elasticity, it is plausible that by following the concept of ecological resilience, (see
Section 1), alternative stable states could exist. Therefore, it is not necessary that the post-
fire situation be identical to the previous one. If actual states are stable enough, they can
infer ecosystem resilience [18], in this case, from a structural perspective.

In more recent fires, the canopy cover is very low (almost all cases are found to be
below 10% coverage), being even lower in the 2008 fire. Although this fire would be
expected to have a greater degree of regeneration than the 2015 fire—given that seven more
years have passed—it still presents even lower values.

The 1995 fire stands alone, once again, as an anomaly, showing a massive and ho-
mogeneous structure. In this case, the exponential decay models that explain the density
evolution of Pinus halepensis seedlings [140] do not seem to apply, due to the large number
of germinated seedlings. It would be appropriate to analyze whether, as it may seem, the
post-fire climatic conditions were ideal for the germination of the dispersed seed bank.
However, after four years of monitoring (up to 1999), the regeneration patterns were normal
for this species [141]. To reach this level of seedling density, subsequent forestry treatments
(mechanized thinning) would need to have been applied in recent years. Although it would
be interesting to incorporate this factor into the analysis, there is no systematic record of
the information that made this possible.

Regarding the relative shape of canopy, which describes the roughness and relative
position of the forest canopy, a similar pattern is observed. There is a high degree of simi-
larity between the burnt sector and its control for the 1970 fire, although the control sector
shows a pattern that shifts slightly toward the canopy tops compared to the burnt one.

The more recent fires show a high number of pixels with values below 0.5 in BPs and
a high number of ground pixels, indicating a significant difference compared to the control
sector. Once again, the 1995 fire is an anomaly regarding the expected pattern, as 90% of
the pixels register values above 0.5, meaning that canopy surfaces are mostly in the upper
portion of the height range, which indicates homogeneous and synchronous germination.

As for the stratified structure, as previously mentioned in the more recent fires, we
find a clear predominance of bare ground (<0.05 cm) and structures below 0.5 m. This
indicates high malleability for these fires, as there are pronounced differences between
burnt sectors and their controls.

In the 1995 fire, the undertree level is predominant (>65%), highlighting the homoge-
neous nature of the structures in the burnt area and a marked difference compared to its
control sector. In the case of the 1970 fire, there is a more balanced presence of the different
levels in both sectors, although the burnt one has a higher percentage in the upper stratum.
This discrepancy can be explained as a long-term effect of the fire, which, as observed in
other species of the same genus, leaves its mark for more than 100 years [142].
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4.2.3. Canopy Complexity (Profile Area and Profile Area Change)

In terms of canopy complexity, a temporal pattern is once again observed in the
magnitude of differences between burnt and control areas. The 1970 fire shows low levels
of malleability, as the analysis of PA distribution in the burnt sector is comparable to its
control sector, with a PAC value close to zero, although some differences are still detected.
The more recent fires exhibit the greatest differences: the LiDAR pulse penetrability is much
higher in the burnt areas, because they are much more open, indicating a less complex
canopy structure compared to their control sectors. Consequently, these fires show a higher
degree of malleability.

There is also a high degree of malleability observed for the 1995 fire, although in this
case, the trend is reversed: there is lower penetrability due to the aforementioned process
of massive and homogeneous regeneration.

4.3. Search for Potential Explanatory Factors

The methodological approach, based on the collection of LiDAR data, has allowed us
to assess the malleability and ecosystem elasticity of Ph formations in the Mediterranean en-
vironments within the Ebro Basin. Their penetration capacity enables us to characterize the
vertically distributed attributes, thus allowing for a more precise analysis of forest canopy
structure [143]. The structural dimension is linked to the eco-physiological characteristics of
forest systems as it affects understory plant competition, microclimate, recruitment, species
diversity and composition [90].

As we have previously touched on, in general terms, a temporal ordering of the
magnitude of the differences is observed, regardless of their sign. However, a certain
particularity related to the dates of the fires has been detected, so we cannot assume there
is high resilience—considering the engineering approach—for these formations in all cases.
Although time is one of the main driving factors controlling the recovery process, there may
be other factors modulating these processes that underpin resilience within a forest system.

In Mediterranean ecosystems, species exhibit high tolerance thresholds to wildfires,
ensuring their continuity despite, and even because of, such events [144–146]. Although
specific species composition is a determinant of resilience in forest formations, in this case,
the predominance of adapted species like Qc and Ph has minimized the importance of
this element as a primary driving factor. This species-specific homogeneity diminishes the
explanatory capacity of species composition regarding adaptation mechanisms.

Burn severity determines the state of vegetation at the beginning of the post-fire recov-
ery process. Higher severity has a positive effect on regeneration (lower elasticity) in Pinus
halepensis, whereas the relationship is reversed for Quercus coccifera (higher elasticity) [146].
In the analyzed plots, severity is high for all fires, suggesting it may not be an explanatory
factor for interannual differences or for the anomaly observed in the 1995 fire compared
to the temporal pattern of differences. Vicente-Serrano et al. (2007) argue that there is no
relationship between severity and recovery level for these fires [147]. For the 1970 fire, the
severity level could not be evaluated due to a lack of available satellite information.

Hydrological forest treatments also affect the regeneration process as they represent
an additional disturbance that can either enhance post-fire degradation or inhibit some of its
direct consequences. These treatments alter plant growth processes and have hydrological,
erosive and soil consequences that disrupt post-fire ecosystem dynamics. The degree of
impact on the ecosystem may depend on the type of treatment applied. A common practice
is the removal of burnt wood, which, although it can reduce the risk of pest and disease
incidence [148], can result in up to 33% seed mortality and weaken those that survive [149].
Additionally, it is crucial to consider the timing of these treatments, as seedling mortality is
higher in smaller-sized plants and during earlier growth stages [150].

In the case of the most recent fires, wood extraction or snag shredding in situ occurred
over the first few years following the fire, while for the 1970 fire, we do not have any
available information related to this. Although we lack information regarding this issue for
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the 1995 fire, it is worthwhile to understand the type of treatment, as well as the phases and
timing of the actions, as they may have conditioned or influenced the recovery process.

Climate is a primary conditioning factor as it determines the typology, distribution
and dynamics of vegetation across all scales [151,152], and can also be one of the main
limiting factors for its development [153]. Insolation and temperature are critical factors
influencing biological development and, consequently, forest growth [154]. In the same
way, studies indicate that higher levels of humidity lead to burnt surfaces recovering more
rapidly [155,156].

Although the climatic conditions are structurally comparable, some studies have
described the post-fire natural regeneration of Aleppo pine as irregular, slow and challeng-
ing [47,157,158], with the first few years after the fire being critical to the success of the
natural recolonization processes. Considering this, the aridification of post-fire climatic
conditions may limit natural regeneration [159,160], and consequently may have played a
role in explaining the differences found among fires.

In conclusion, post-fire precipitation and temperature levels may explain the regener-
ative dynamics since these fires. In turn, this makes it necessary to analyze anomalies to
determine if thermo-hygrometric conditions have experienced or are experiencing changes
compared to normal values, both within and between plots. This factor could emerge as a
primary explanatory variable.

In any case, this chronological control of the differences based on the age of the fire,
both in terms of malleability—an inverse relationship between time and malleability—and
elasticity, indicates that time constitutes a primary control factor. However, the combined
action of other factors may be conditioning the degree of resilience within forest ecosystems
in Mediterranean areas.

5. Conclusions

The applied methodological approach allows us to analyze the degree of ecosystem
malleability and elasticity in forest areas due to the disruption caused by wildfires. Simulta-
neous data collection ensures homogeneity in terms of data conditions and, together with
the spatial connection between burnt areas and control areas, guarantees homogeneous en-
vironmental conditions. Nevertheless, analyzing these structural factors is recommended,
specifically the morpho-topographic ones, to ensure full comparability between burnt and
control areas.

We consider that this methodological approach, along with carrying out an appropriate
analysis of structural factors and data collection conditions, can be applied to evaluate the
degree of ecosystem resilience in forest areas using remote sensing techniques. This can be
performed from a structural perspective (LiDAR data), as well as in terms of composition
and functioning, using spectral and/or thermal information.

Malleability decreases over time in forest ecosystems that have been affected by
wildfires, which has led to a decreasing temporal order of differences in the analyzed
metrics. This applies to height distribution and diversity, as well as to coverage, relative
shape, stratification distribution and canopy complexity. Thus, we can confirm that time
is the main control factor of these differences and is, therefore, inversely proportional to
malleability after a disturbance caused by wildfire. Structurally speaking, elasticity is
higher than what has been determined in previous studies.

In any case, a certain particularity has been detected based on the dates of the fires
and further substantiated by the anomaly presented by the 1995 fire. Therefore, we can
conclude that there are other situational factors that may be influencing the regeneration
process and, consequently, affecting ecosystem resilience.

Specific composition, burn severity—homogeneous in our case—or situational climatic
conditions (pre- and post-fire) may be modulating the forest regeneration processes. Addi-
tionally, the type of post-fire intervention (when applied) can significantly alter the regener-
ative dynamics and thereby affect resilience. Regardless, it would be interesting to analyze
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in future studies how the different types of post-fire treatment (depending on its typology)
affect the regenerative processes, at a structural level, in Pinus halepensis formations.
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Figure A1. Boxplot of Canopy Cover in different sectors (BP/CP) by year of fire in upper under-
story strata (0.5 m–1 m). In green, Control Sectors, and in red, Burnt Sectors. Boxes are arranged
chronologically (most recent on the left and oldest on the right). The orange cross represents the
mean value.

Table A1. Differences between burnt sectors in the analyzed LiDAR metrics by wildfire. Acronyms:
CRR = Canopy Relief Ratio; CV = coefficient of variation; Hm = height mean; P99 = 99th percentile;
PA = Profile Area. Significant differences between burnt sectors and their controls are analyzed with
D-statistic (Kolmogorov-Smirnov test).

CRR CV Hm P99 PA

1995 vs. 1970 −25.774 52.302 −70.444 −67.747 −61.458

2008 vs. 1970 53.517 −9.169 81.939 83.020 61.670
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Table A1. Cont.

CRR CV Hm P99 PA

2015 vs. 1970 57.390 8.005 84.013 85.128 64.868

2008 vs. 1995 78.087 −63.503 97.216 97.319 92.716

2015 vs. 1995 78.159 −46.989 97.447 97.642 92.896

2015 vs. 2008 9.428 21.142 21.549 21.009 8.890
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Figure A4. Boxplot of Canopy Cover in different sectors (BP/CP) by year of fire in tree layer
strata (upper than 5 m). In green, Control Sectors, and in red, Burnt Sectors. Boxes are arranged
chronologically (most recent on the left and oldest on the right). The orange cross represents the
mean value.

Table A2. Strata distribution by sector and wildfire.

Year 1970 Year 1995 Year 2008 Year 2015
Metrics Burn Control Burnt Control Burnt Control Burnt Control

Ground 3.58 4.56 0.16 3.64 24.88 5.56 36.83 4.81

<0.5 m 36.36 25.09 7.71 55.31 71.64 33.97 57.11 32.05

0.5 m–1 m 5.34 2.67 1.35 5.92 2.71 2.76 3.40 2.35

1 m–3 m 29.09 6.43 10.55 4.68 0.78 4.79 2.65 7.05

3 m–5 m 22.94 12.35 65.52 5.82 0.00 5.12 0.01 5.63

>5 m 2.70 48.9 14.72 24.63 0.00 47.8 0.00 48.11
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