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ABSTRACT In recent decades, wildfires have become one of the main disturbances affecting Mediterranean
forest ecosystems. Understanding how fire-affected formations recover is crucial for assessing their resilience and
effectively managing potential hydrological-forest restoration measures. This study analyzes vegetation
regeneration in burned areas representative of the landscape diversity of Aragon (NE Iberian Peninsula)
considering (i) the type of colonizing vegetation in relation to the pre-existing one and (ii) the impact of the
colonizing vegetation type on the spatial distribution of the Leaf Area Index (LAI), which is used as a proxy for
the eco-physiological functionality of the affected formations. High-spatial-resolution GeoSAT-2 images and
Sentinel-2 L2A collections were used to generate maps of current vegetation distribution and multitemporal LAI
composites, respectively. Contingency tables derived from diachronic comparisons of dominant vegetation type
(before the fire and at present) and Random Forest (RF) predictive models were employed. The RF models also
determined the importance of different natural factors in the spatial distribution of colonizing vegetation
formations. The results highlighted the strong dependence between pre-fire and colonizing vegetation formations
(> = 10.067) and the role of regenerative trajectories in the spatial distribution of LAI (p < 0.05). Greater
regeneration was observed in areas dominated by species with active reproductive strategies (resprouting and
serotiny). Additionally, in the Random Forest modeling (OOB = 21%), pre-existing vegetation emerged as the
most determining factor (MDG = 600) in predicting current vegetation, surpassing fire severity and the
regenerative trend of the Normalized Difference Vegetation Index (MDG = 250), whose effects vary depending
on the type of vegetation formation.

Consecuencias del fuego en la composicion de la vegetacion y su influencia en la
distribucion del Leaf Area Index (LAI) mediante imdagenes multi-resolucion

RESUMEN. En las ultimas décadas, los incendios forestales constituyen una de las principales perturbaciones de
los ecosistemas mediterraneos. Comprender como se recuperan las formaciones afectadas es fundamental para
evaluar su resiliencia y gestionar adecuadamente medidas de restauracion hidrolégico-forestal. Este estudio analiza
la regeneracion vegetal en zonas incendiadas representativas de la diversidad paisajistica de Aragon (NE de la
Peninsula Ibérica), considerando (i) el tipo de vegetacion colonizadora en relacion con la preexistente y (ii) su
impacto en la distribucion espacial del indice de Area Foliar (LAI), este Gltimo utilizado como proxy de la
funcionalidad eco-fisioldgica de las formaciones afectadas. Se hace uso de imagenes GeoSAT-2 de alta resolucion
espacial y colecciones Sentinel-2 L2A para obtener cartografias sobre la distribucion de la vegetacion actual y
compuestos multitemporales de LAI, respectivamente. Se emplean tablas de contingencia derivadas de
comparaciones diacronicas del tipo de vegetacion dominante (antes del fuego y en el momento actual) y modelos
predictivos Random Forest (RF), que también han permitido determinar la importancia de diferentes factores
naturales en la distribucion espacial de las formaciones vegetales colonizadoras. Los resultados ponen de
manifiesto la alta dependencia entre las formaciones vegetales previas y las colonizadoras (%> = 10.067) y el papel
de las trayectorias regenerativas en la distribucion espacial del LAI (p < 0.05), observandose una mayor
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regeneracion en areas donde predominaban especies con estrategias reproductivas activas (rebrote y serotinia).
Asimismo, en la modelizacion mediante Random Forest (OOB = 21%) la vegetacion preexistente emerge como el
factor mas determinante (MDG = 600) en la prediccion de la vegetacion actual, por encima de la severidad del
fuego y la tendencia regenerativa del Normalized Difference Vegetation Index (MDG = 250), cuyos efectos varian
en funcion del tipo de formacion vegetal.
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1. Introduction

In the current context of Aragon's forest ecosystems, as well as in most of those of the
Mediterranean area, fires are one of the main environmental problems. This is due to an increase in their
recurrence and intensity in recent decades (Moreno et al., 2023; Ruffault ez al., 2020). Although fire has
been presented throughout history as a natural landscape shaping element (Karavani e al., 2018; Keeley,
2012), recent transformations in socioeconomic activities, land uses, as well as changes in weather
patterns are modifying natural fire regimes (Bodi et al., 2012), and even compromising the natural
recovery of affected ecosystems (Lecina-Diaz et al., 2021).

From an ecological-landscape perspective (Bodi ef al., 2012), the destruction of vegetation is
the most immediate and far-reaching effect. However, after a forest fire there is an intense activity of
regeneration mechanisms (Ne'eman ef al., 2004) of pre-existing species. These mechanisms largely
determine the pace and intensity of the recovery process (Pausas, 2012) through adaptive mechanisms
such as serotiny, regrowth or protection through bark thickness (Keeley, 1981; Pausas et al., 2017).
Nevertheless, fire can alter landscape patterns in the medium or long term (Vallejo et al., 2009; Vayreda
et al., 2016) and cause permanent changes in the floristic composition of the affected plant community.
This is due to the degradation of soil’s physical and chemical properties, in which fire severity plays an
important role (Keeley et al., 2005; Mufioz-Rojas and Pereira, 2020).

In order to properly manage the affected areas, improve their conservation status, and protect
them from further disturbance, it is essential to have information on how recovery is occurring (Cerda
and Robichaud, 2009; Ramos and Soares, 2004). In this context, monitoring vegetation response and
establishing long-term diagnostic methods are essential (Martinez et al., 2017).

The products obtained through methodologies supported by orbital and airborne remote sensing
have great potential at a regional scale, both in damage assessment and temporal monitoring of plant
regeneration (Gitas ef al., 2012; Wagtendonk ef al., 2004; Woodgate et al., 2024). There are numerous
publications in the scientific literature that study the effects of fire on vegetation based on indicators and
spectral metrics, or on algorithms capable of analyzing spatio-temporal variability (Griffiths ez al.,
2014). These works use images of widely varying spectral, temporal and spatial resolution (Woodgate
et al., 2024). Among the programs with high/moderate spatial resolution, Landsat collections have been
the most widely used. This is due to their revisit period (16 days), high spatial resolution (30 meters),
and the fact that they go back more than 5 decades over time (Wulder et al., 2022). NDVI (Normalized
Difference Vegetation Index) has been one of the most widely used indices among the spectral indicators,
as it reflects changes in leaf area and total biomass (Henry and Hope, 1998). In addition, its ease of
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collection and the possibility to track it over time make this index a useful tool for analyzing regeneration
from an evolutionary perspective.

The use of parameters such as the Leaf Area Index (LAI) provides estimates of vegetation
biophysical properties (Pettorelli ef al., 2005) that could also be employed as indicators of the degree of
post-fire recovery or affection (Jiménez et al., 2016). LAI, a structural property of the canopy, refers to
the amount of vegetation distributed vertically and is defined as the photosynthetically active leaf area
per unit of ground (Chen and Black, 1992). For large areas, it can be estimated by remote sensing (Li ef
al.,2022; Pu et al., 2024). In this context, the use of bio processors applied to Sentinel-2 images within
the Copernicus Earth Observation Program represents an internationally prominent example (Juola e?
al., 2024; Korhonen et al., 2017).

Although spectral information can highlight specific aspects of the forest canopy, identifying
the type of formation based on the main species (composition) remains fundamental to studying burned
areas using satellite images (Shanmuga and Vani, 2024). Digital classification techniques applied to
multispectral data have been widely used for mapping, change detection and canopy monitoring (Rogan
and Chen, 2004; Choudhury et al., 2020; Chaves et al., 2020). High spatial resolution images are
especially useful because they allow for the accurate and detailed identification of vegetation (Ancira-
Sanchez and Treviio, 2015). Additionally, multi-scale and multi-temporal approaches are necessary to
detect the various phenological aspects that characterize different vegetation types (Simonetti et al.,
2015; Vogelmann et al., 2012).

The availability of different diagnostic indicators of the regeneration process makes it possible to
analyze the different role played by factors such as fire characteristics in terms of severity or the
reproductive strategy of the pre-existing vegetation. In this context, the development of predictive models
is essential to understand the complex interactions between these variables and their influence on post-fire
vegetation formations (Viana-Soto et al., 2020). There are many studies in the literature that follow this
line of research. They often establish rankings or hierarchies of predictors, determining the specific role
that each of them plays in ecological regeneration (Basset et al., 2017; Chu et al., 2017). However, such
evaluations often involve analyzing the indicators individually rather than integrating them as a whole.

The objective of this work is to analyze the magnitude of vegetation regeneration in terms of
composition (replacement of pre-existing vegetation formations) in representative areas of Aragon
landscapes affected by forest fires. Additionally, it intends to determine how the type of vegetal species
that regenerates after the fire influences the spatial distribution of LAI levels. Additionally, the study
aims to analyze the influence of fire severity and temporal trends on regeneration processes.

This required (i) identifying current vegetation formations using high spatial resolution
multispectral images and evaluating recovery in relation to pre-existing formations (trajectories); (ii)
analyzing the spatial distribution of LAI values in each of the fires and in relation to the trajectories; and
(ii1) developing predictive models for the evolution of vegetation composition in the affected areas,
establishing the explanatory factors that contribute to vegetation regeneration and the current state of
the composition.

2. Study Area

The study area was limited to four representative forest fires (Seira, Pico del Aguila, Montes de
Zuera, and Aliaga), with an average area of approximately 3,000 ha, occurring in different years (1986,
1991, 1995, and 2008) (Fig. 1). These fires were distributed along a transect encompassing part of the
biogeographic and landscape variability of Aragon, following the cartography of the Great Landscape
Domains [Atlas of Aragon (ICEARAGON), n.d.] and the Vegetation Series of Spain (Rivas-Martinez,
1987).
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Figure 1. Study area: perimeters of burned areas and location in the regional context of Aragon.

The Seira fire occurred in August 1991 (~1,800 ha) and was located in the Sierra de Chia, near
the Esera River, within the domain of the High-Mountain Calcareous Pyrenean Massifs and the Silver
Fir pine series. The Pico del Aguila fire, which took place in August 1986 (~500 ha) in the southeastern
part of the eponymous range, falls within the domain of the Medium-Mountain Calcareous Pyrenean
Ranges and the potential Quercus ilex (holm oak) series. The Zuera Mountains fire, from 1995 (~3,000
ha), is included in the domain of the Calcareous Ranges of the Ebro Depression and the holm oak series.
Finally, the Aliaga fire, occurring at the end of July 2009 (~6,300 ha), was located within the major
landscape domains of the Medium-Mountain Calcareous Iberian Ranges and in the potential holm oak
vegetation series.

The selection of these areas was conducted through a systematic process designed to identify
representative forest fires with contrasting characteristics. The methodological details of this selection
procedure are provided in the corresponding Materials and Methods section.

3. Materials and Methods

The methodological process followed to analyze the recovery level of plant communities
affected by fire from an eco-physiological approach and at the plant formation level, is based on three
main work phases (Fig. 2): (i) selection of representative fires of the biogeographic variability of
Aragon; (ii) obtaining diagnostic variables related to the recovery state of forest fires. This includes
digital classification processes of satellite images, trend analysis of multispectral indices (NDVI), and
obtaining biophysical parameters (LAI); (iii) predictive modeling of the degree of recovery of plant
formations from the point of view of the dominant species using Random Forest (RF).
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Figure 2. Methodological framework.

3.1. Materials
3.1.1. Satellite images
3.1.1.1. Spatial distribution of plant formations in the burned areas

GeoSAT-2 is a very high spatial resolution Earth observation satellite (3 m in multispectral and
0.75 m in panchromatic) that records quadrangle scenes of 12 km lateral surface. These scenes consist
of four multispectral bands, three in the visible (VIS: 0.40 - 0.75 um) and one in the near infrared (NIR:
0.75 - 1.30 um), in addition to a panchromatic image. In this study, we specifically used 10 Bundle
(L1C) products that cover the largest portion of the burned area in the analyzed fires. The description
and technical characterization of the images can be found in the GeoSAT technical manual provided by
the Instituto Geogrdfico Nacional (2021). The images were obtained from the General Action Protocol
between IGN (Instituto Geografico Nacional) /ICNIG (Centro Nacional de Informacion Geografica) and
CDTI (Centro para el Desarrollo Tecnologico y la Innovacion). Copyright © GEOSAT.
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3.1.1.2. Sentinel-2 images: Spatial distribution of LAI values in burned areas

The products of ESA's Sentinel-2 (S2) mission used in this work are multispectral L2A satellite
images, i.e., images that have undergone an atmospheric correction process to obtain the reflectance in the
lower part of the atmosphere (Bottom Of Atmosphere -BOA). These images were downloaded from the
Copernicus data platform, and correspond to the period 2020-2023. For each year, an image representative
of the summer months in the northern hemisphere (June, July and August) was selected. In total, 12
different S2 images were used for each fire. The LAI values were calculates using these images.

3.1.1.3. Landsat image collections: Trend analysis of NDVI values

A temporal analysis of the NDVI index was performed using Landsat images (5, 7, and 8) from
Collection 2, Level 2 (C2 L2). This collection provided atmospherically corrected surface reflectance
and land temperature products using the LEDAPS (Landsat Ecosystem Disturbance Adaptive
Processing System) and LaSRC (Land Surface Reflectance Code) algorithms for optical sensors. The
NDVI trend was obtained through Google Earth Engine (GEE), a cloud processing platform designed
for the analysis of geospatial data on a global scale (Gorelick et al., 2017). We considered a 15-year
period following the dates of the fires.

3.1.2. Pre-vegetation and severity mapping

In order to know the spatial distribution of pre-fire vegetation in the selected areas and the
severity of fire, we used cartographic products. These were obtained from the digital classification of
Landsat multispectral images (Iranzo Cubel et al., 2023) and the calculation of the RANBR (Relative
differenced Normalized Burn Ratio) index (Miller and Thode, 2007; Montorio et al., 2024), both
developed within the framework of the "PaF" project. These products provided detailed information,
with a spatial resolution of 30 m, on the various forest formations that occupied the areas affected by
the fire, as well as a short-term approximation of the spatial distribution of fire severity.

3.2. Methods
3.2.1. Fire selection

Representative fires were selected using a probabilistic Gaussian Mixture Model (GMM) (Xuan
et al., 2001), which identifies subpopulations by combining multiple Gaussian distributions. The
probability that fires in Aragon (>100 ha, 1985-2015; Forest Fire Database of the Government of
Aragon, General Directorate of Forest Management) belonged to each group was estimated, and each
fire was assigned to the group with the highest probability. Model parameters were optimized using the
Expectation—Maximization (EM) algorithm, which iteratively calculates membership probabilities and
adjusts parameters to maximize overall likelihood.

The GMM method was applied to three distinct sets of criteria pairs: (1) geographic distribution
-longitude and latitude; (2) topographic altitude and solar radiation; (3) severity (average of each fire)
and area burned in each event. The DTMs (Digital Terrain Models) used were downloaded from the
Centro Nacional de Informacion Geogrdfica (CNIG-IGN), and a solar radiation analysis was applied
on them, deriving a raster with values of watt-hours per square meter (ESRI ArcMap). For operational
reasons, the number of analyzed fires was reduced, selecting those that generally represented the
diversity of forest landscapes affected by fire in Aragon. In addition, the availability of Geosat-2 images
and field data was taken into account.

Figure 3 presents the distribution of fires across three bivariate scenarios, revealing distinct
clustering patterns. The four fires analyzed are considered representative cases of these patterns.
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Figure 3. Graphical representation of fire distribution based on scenarios defined by pairs of characteristics:
(i) geographic location (x, y coordinates), (ii) environmental factors related to solar radiation and altitude,
and (iii) fire severity (size-severity),; ellipses limit the groupings determined by GMM models, nominal labels
identify the location of selected fires.

3.2.2. Digital processing and classification of Geosat-2 imagery

The GeoSAT-2 images underwent a radiometric correction process to convert the data to
reflectance and eliminate atmospheric interferences. The physical model of radiative transfer 6S (Second
Simulation of a Satellite Signal in the Solar Spectrum) (Vermote et al., 1997) was used to carry out these
corrections. This process was executed using Python's Py6s module (Wilson, 2013).

A supervised digital classification was then performed on the corrected GeoSAT-2 images to
identify the vegetation composition in the burned areas. The phenological component was incorporated
using two images of different temporal moments (spring and autumn) from the years 2021-2023,
combined in a multiband image. To avoid information redundancy, a principal component analysis
(PCA) was performed, obtaining a reduced set of bands without significant loss of information.

The supervised digital classification process on the image resulting from the PCA began with
the selection of representative pixels of each category by means of ROIs (Regions of Interest), defined
from a visual analysis of orthophotos and false color satellite images, as well as field samples. After
determining the representative pixels of each forest category, the spectral separability of the samples
was evaluated using the divergence and Jeffries-Matusita (JM) distance methods to ensure correct
differentiation. Once the spectral categories were defined, we assigned them pixels using the Maximum
Likelihood (ML) method, based on the probability that a pixel belongs to a specific category.

9:(x) = Inp(w;) — 1/, 1n| 2| = Ty (x = m)™ 27 (x — my) (Eq. 1)

Where i is the class; p are the n -dimensional data (where n is the number of bands); p(w;) is the
probability that the class w; occurs in the image; [Z |is the covariance matrix of the data in class wi; *!
is the inverse matrix; and m; is the mean vector (Richards, 1999).

The reliability analysis was carried out through a verification process comparing reference
points (ground-truth) with the classification values to obtain the Kappa coefficient that evaluates the
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quality of the product according to the thresholds of Landis and Koch (1977). Ground-truth data were
obtained from field campaigns conducted during 2023 and 2024 using Leica Geosystems® (GNSS-
Global Navigation Satellite System) global positioning equipment and high-resolution
orthophotographs from the Plan Nacional de Observacion del Territorio (PNOT). The total validation
sample included 294 points, of which 60 were collected directly during field campaigns.

3.2.3. Obtaining the spatial distribution of LAI data by wildfire

LAI data were obtained from S2- L2A images using the SNAP (Sentinel Applications Platform)
Biophysical Processor, which generated a comprehensive database of vegetation characteristics and
associated canopy top reflectances (TOC: Top Of Canopy) of S2. The algorithm was then applied to
each of the monthly S2 satellite images, resulting in a LAI product for each month of the years 2020-
2023. To obtain a single value of the summer LAI per fire, a map algebra process was carried out to
provide the average LAI of each pixel.

3.2.4. Obtaining multitemporal NVDI trends

The NDVI trend was obtained from Landsat image collections by calculating the linear adjustment
coefficients (scale, offset) of this multispectral index at the pixel level. The regression equations between
time (independent variable) and NDVI values at each pixel were calculated using the least squares method
(Eq. 2). The slope or trend of the NDVI values was obtained from the equation (Eq. 3).

All this processing was developed on the Google Earth Engine platform. As part of the
processing, masks were applied to reduce cloud interference, scale factors were adjusted, and a noise
filter was used to keep NDVI values in the range of 0.15 to 0.9, thus avoiding outliers.

y=a-+bx (Eq. 2)
, I D01 - 5)

Dieq (X1 — x)?
a=y—bxb

Where n is the number of observations x; and y;are the values of the independent and dependent
variables; X y are the means of the variables (Mateos-Aparicio, 2011).

NDVI = scale X time + intercept (Eq. 3)

3.2.5. Applied statistical methods
3.2.5.1. Contingency tables

Contingency tables are used to study changes in the composition and spatial distribution of plant
formations. These tables record the correspondences between vegetation formations at two specific
times: before the fire (columns) and after the fire (rows); where the diagonal indicates: (a) the number
of pixels that maintain the same vegetation category (i.e., pixels recovered in the same location); and
(b) the marginal values that document the displacement infringed by other categories and the expansion
over them (i.e., omission and commission, respectively).

In this work, the frequencies were relativized according to the area of each fire. The classical
metrics of accuracy and precision are adjusted to evaluate the relationships and conflicts between
coverages by means of three indicators: invasiveness (1), malleability (M), calculated from the sum of
the percentages corresponding to false positives and negatives, respectively; and correspondence (C),
which measures only the coincidences considering the two moments. While the concept of invasion is
related to the ability to occupy areas other than pre-fire zones, malleability here means the opposite of
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resistance. In this context, it refers to formations that undergo profound changes in their composition
and show little ability to maintain their initial spatial distribution.

Additionally, Chi-square and Fisher tests were used to analyze the independence and degree of
association between rows and columns, as well as Goodman's and Kruskal’s Gamma coefficient. On
the other hand, we applied Kruskal-Wallis and post-hoc tests using Dunn's method with Bonferroni
correction to analyze the distribution of LAI values by fire and regenerative trajectory.

3.2.5.2. Application of predictive modeling (RF)

The Random Forest (RF) machine learning algorithm (Cutler et al., 2012) was used to develop
a classification model that determined the extent to which various factors influenced the spatial
distribution of current plant formations. The algorithm was implemented in R code using the
randomForest package of Breiman et al. (2001). In this case, a database of approximately 10,000 records
was used. The code performed 10 random samples, each with a sample size of 3,000 records (400
corresponding to each current forest formation and fire). In order to ensure the robustness of the
prediction, this process was repeated 20 times.

Each implemented RF had 500 different trees, a commonly used parameter that is large enough
to capture the variability of the data (Geron, 2019). In the model developed, the dependent variable was
the vegetation that occupied the areas affected by fires, identified from the digital classification of
GeoSAT-2 images. Predictors included fire severity, pre-existing vegetation, NDVI trend over 15 years
post-fire, and landscape type where each fire occurred. The accuracy percentage of each model was
calculated, as well as the final average of all models and the out-of- bag (OOB) misclassification rate.
In addition, the average importance of each predictor variable as well as the Partial Dependence Plots
(PDP) were obtained to show how they affected the response variable. The effects of the other variables
in the model remained constant.

4. Results
4.1. Spatial distribution of colonizing vegetation formations

The digital classification of GeoSAT-2 images made it possible to identify the spatial
distribution of the most representative vegetation formations that currently occupy the burned areas for
each fire (Fig. 4-7). Table 1 shows the classification accuracy indicators which, in general terms, reach
satisfactory levels (Kappa > 85%). The Seira fire was dominated by formations of Pinus sylvestris and
Quercus gr. cerrioides, scrub communities dominated by Buxus sempervirens on the lower slopes, and
subalpine pastures in the upper parts. In Pico del Aguila there were small stands of Pinus sylvestris,
Quercus gr. cerrioides and Quercus ilex, together with scrubs dominated by Buxus sempervirens,
accompanied by Genista scorpius and Quercus coccifera. In the Zuera fire, the area was mostly occupied
by Pinus halepensis and, to a lesser extent, by Quercus ilex, with sclerophyllous scrubs of Genista
scorpius and Quercus coccifera. In Zuera, we found small stands of Pinus halepensis and Quercus ilex,
with a predominance of Genista scorpius scrub, which in some sectors was accompanied by Juniperus
oxycedrus woody scrub and in others by Quercus coccifera.
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Figure 5. Current vegetation of the Pico del Aguila fire.
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Current vegetation of the Zuera wildfire (1995)
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Figure 6. Current vegetation of the Zuera fire.
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Figure 7. Current vegetation of the Aliaga fire.
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Table 1. Results of the validation of the classification process using Geosat-2 images.

Fire Ground-truth sample Accuracy Kappa Coeft.
Pico del Aguila-1987 78 92.1% 0.89
Seira-1991 46 93.1% 0.86
Zuera-1995 42 90.4% 0.85
Aliaga-2008 128 94.5% 0.91

4.2. Relationships between pre- and post-fire vegetation formations

Table 2 shows the contingency matrices depicting the degree of agreement between vegetation
types at two points in time (pre-fire and current) for the four fires. Prior to this analysis, it was necessary
to (1) apply a homogenization process of the map key for each fire. It consisted of grouping the main
shrub and subshrub species into two facies of scrubland: (MS) sub-Mediterranean scrub, dominated by
Buxus sempervirens and to a lesser extent by other species such as Echinospartum horridum; (ME)
sclerophyllous scrub, dominated by Genista scorpius, accompanied by other species such as Quercus
coccifera; (2) generalize the current forest cover information by applying a mode filter. This procedure
involved assigning the majority category of current vegetation to each 30m pixel (corresponding to the
pre-fire Landsat classification); (3) analyze the consistency of the trajectories from a sample of
representative unburned pixels (n =2.600), evaluating the degree of coincidence between pre- and post-
fire classifications. An average coincidence of 83% was obtained.

The observed Chi-square value (10.067) revealed significant dependence between the
occupancy of vegetation formations before and after the fire (p value < 0.05). However, specific
differences were observed in each fire. In this sense, Seira and Pico del Aguila showed the strongest
levels of association (Goodman's and Kruskal Gamma values = 0.17 and 0.10, respectively). For Zuera
and Aliaga, the values were below 0.04. Although a high degree of similarity was observed in the Pico
del Aguila fire, there was a notable increase in sub-Mediterranean scrub to the detriment of pre-fire areas
dominated by Pinus sylvestris and Quercus. In the Zuera fire, Pinus halepensis formations had displaced
Quercus ilex and sclerophyllous scrub. The most notable changes were observed in Aliaga because the
current formations differ greatly from the original ones. Scrublands now occupy areas that were
previously dominated by Pinus sylvestris and Quercus ilex.

Table 2. Contingency matrices between pre-fire and current vegetation due to fire.

Current Previous vegetation (pre-fire)
vegetation Pinus sylvestris | Q. gr. cerrioides | Quercus ilex | MS Bs* ME Gs*
< Pinus sylvestris 11.40 8.13 - 1.73 -
'(ij 0. gr. cerrioides 8.09 18.35 - 7.80 -
MS Bs* 4.69 9.77 - 30.00 -
,‘—g Pinus sylvestris 2.42 0.18 0.00 0.00 0.00
éﬁ Q. gr. cerrioides 1.84 0.45 0.00 4.63 0.00
o Quercus ilex 3.80 0.00 0.96 2.52 0.11
“3 MS Bs* 14.43 1.81 4.39 60.60 0.00
i;% ME Gs* 0.04 0.04 0.04 0.00 1.58
« | Pinus halepensis 52.75 - 22.44 - 10.19
S | Quercus ilex 1.01 - 0.30 - 0.24
N "ME Gs* 435 - 2.71 - 6.01
g Pinus sylvestris 9.35 - 0.00 - 0.00
= Quercus ilex 0.33 - 0.39 - 0.30
< [ ME Gs* 31.97 - 17.01 - 40.58

(*) MS_Gs (Genista scorpius submediterranean scrub); ME Gs (Genista scorpius sclerophyllous scrub); MS Bs
(Buxus sempervirens submediterranean scrub).
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Considering the representative indicators of fire-induced ecological stress in the vegetation
composition of the fires analyzed through residues (Fig. 8), Pinus sylvestris formations demonstrated
high relative malleability (i.e., they underwent significant changes in composition and showed limited
ability to maintain their initial state). These formations also exhibited low invasive capacity (i.e., limited
ability to occupy areas other than those they were in before the fire). Moderate malleability values were
only recorded in the case of the Seira fire, reflecting the higher level of correspondence of this formation
in these environments.

In the case of Quercus gr. cerrioides, present in the Seria and Pico del Aguila fires, the values
were notably disparate. While in Pico del Aguila this formation showed a low level of correspondence,
in Seira it reached approximately 30%. On the other hand, holm oak groves were recorded, although
with little relevance, in three of the four fires. These groves appeared to be very malleable formations,
especially in Aliaga and Zuera.

Pinus halepensis forests were characterized by their low malleability and remarkable
invasiveness. Finally, shrub formations showed very variable behavior depending on the area affected
by the fires. These formations stood out for their particularly invasive character in Aliaga, their high
correspondence in Pico del Aguila and Seira, as well as their high malleability in Zuera.

Relative proportion of correspondence, invasion, and
malleability of current vegetation
Aliaga Pico del Aguila
100 100
75 = 75 =
) i 2N
g 8
v c
E 50 5 50
g &
25 25+
0= 0=
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- sylvestris ilex sylvestris cerrioides lex
Seira Aliaga
100 100
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]
g g
= c
g 50 g 50
S g
25 - 25
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MS_Bs Pinus Quercus gr ME_Gs Pinus Quercus
sylvestris cerrioides halepensis ilex
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Figure 8. Relative proportion of correspondence, invasion, and malleability of current vegetation.

4.3. LAl levels based on vegetation transitions (pre and post fire)

In relation to the spatial composite of LAI values (Fig. 9), statistically significant differences
were found between fires (p-value <0.05). The highest values were recorded in Seira, where scrubs of
regenerated Quercus gr. cerrioides , Pinus sylvestris, and Buxus sempervirens predominate. As shown
in Table 3, the Zuera and, especially, the Aliaga fires recorded the lowest LAI values. In the latter case,
this was due to the abundance of small bushes and sparse woodland.
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Figure 9. LAI distribution in each fire.

Table 3. Descriptive statistics of LAI values in each fire.

Fire Mean Mode Standard deviation Maximum Minimum
Seira 1.18 1.33 0.27 2.1 0.2
Pico del Aguila 0.92 0.85 0.12 1.3 0.3
Zuera 0.72 0.72 0.19 1.6 0.0
Aliaga 0.48 0.42 0.13 1.1 0.0

Analyzing transitions or changes between plant formations and their relationship with LAI
enabled the integration of two dimensions of regeneration. Significant differences were observed
between transitions (Kruskal-Wallis p-value < 0.05). In general terms, as shown in Table 4, LAI values
were higher in burned areas that had evolved into tree communities (moderate-high and high LAI
groups), especially in the case of quejigares (Quercus faginea forests). In contrast, transitions from
arboreal to shrubland formations recorded the lowest LAI values.

However, Genista scorpius sclerophyll shrub formations showed significant differences
depending on whether they originated from Genista scorpius or from Pinus halepensis, reaching higher
LAI values in the latter case (p-value <0.05). In the case of sub-Mediterranean Buxus sempervirens
shrublands, LAI values increased depending on whether they were the result of their own recovery or if
they originated from fires on Quercus gr. cerrioides formations. Quercus ilex also showed some
sensitivity to its provenance. Finally, Pinus sylvestris and Quercus gr. cerrioides showed differences,
although not significant, depending on their origin.
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Table 4. Main pairwise multiple comparisons using Dunn's test. L: low LAl values; ML: moderate-low LAI values;
M: moderate values; MH: moderate-high LAI values; H: high LAI values. Combinations belonging to several
groups did not show significant evidence for separation (i.e., they were on the borderline of the two groups)

Frequency Average of ranges LAI Groups
ME _Gs from ME_Gs 970 1398 L
ME _Gs from Ph 226 2238 ML
ME Gs from Ps 454 1246 L
ME Gs from Qi 161 1534 L
MS Bs from MS_Bs 1005 3455 M
MS Bs from Ps 187 4009 M MH
MS Bs from Q gr. ¢ 136 4754 MH H
Ph from ME_Gs 65 2691 ML M
Ph from Ph 400 3207 M
Ps from Ps 782 3582 M
QO gr. c from Ps 369 5337 H
Qgr. cfromQgr. c 477 5278 H
Qi from ME_Gs 157 3319 M
Qi from Ps 280 3682 M
Qi from Qi 447 2659 ML

4.4. NDVI regenerative trends

The NDVI trend during the 15 years after the fires evidenced differences in the regenerative
dynamics of the studied areas (Table 5). Pico del Aguila and Zuera had the highest average trends and
the lowest variability. Seira, on the other hand, presented an intermediate average value accompanied
by low variability, which reflects a moderate and uniform trajectory of plant recovery. In contrast, Aliaga
stood out for its less pronounced and dispersed regenerative tendency. It also exhibited negative
tendencies. Variations between plant formations were also recorded. Among them, the high tendency of
P. halepensis in Zuera and the high generalized tendencies of Quercus gr. cerrioides stood out.

Table 5. Descriptive statistics of NDVI trend during the first 15 years after each fire. The values are presented
multiplied by 100 to allow a more detailed analysis, since the original ones were very low.

Fire Mean Mode Standard deviation Maximum Minimum
Seira 1.01 0.74 0.21 2.20 0.01
Pico del Aguila 1.53 1.54 0.24 2.61 0.02
Zuera 1.27 2.20 0.22 2.40 0.01
Aliaga 0.89 0.41 0.39 1.91 -0.26

4.5. Factors responsible for the spatial distribution of plant formations

Regarding the prediction of the plant formations colonizing the burned areas, the RF models
applied to determine the role played by the set of predictors offered acceptable accuracy values (average
=79%), with an OOB error rate of 21%. The most significant variable was pre-existing vegetation, with
a Mean Decrease Gini (MDG) value of ~ 600. The remaining variables had a smaller impact on the
model's decisions (MDG < 300), with landscape being the least important. However, the severity and
trend quantitative variables operated differently depending on the type of plant formation.

Figure 10 shows how the probabilities of belonging to a category changed as severity and trend
did, while holding constant or averaging the effects of the other variables. In this sense, in the case of
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severity (Fig. 10A), while in shrub formations the probabilities of belonging to a category increased as
severity did, in the case of P. sylvestris formations, the model prediction operated in the opposite
direction and in a very pronounced way (i.e., it decreased as severity increased). Likewise, quercineae
and, especially, P. halepensis, did not show a significant relationship.

With regard to the trend (Fig. 10B), the influence on prediction was less pronounced. The most
significant cases corresponded to ME, which showed an inverse relationship, and to gall oak and Ps
where there was a certain increase in the probability with high trends (>0.01). In the case of holm oak
and MSB, the prediction in the models was not sensitive to the regenerative trend through the
multitemporal analysis of the post-fire NDVIL.

A) Partial dependence of severity on each vegetation type
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Figure 10. Partial dependence of fire severity and trend (NDVI) on each pre-existing vegetation type.
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5. Discussion

The results of this study describe the levels of plant regeneration in different landscapes in
Aragon affected by fire, selected to cover the diversity of post-fire scenarios across the region. It
integrates two key dimensions of the recovery process: the type of colonizing plant formation in relation
to the pre-existing one, and its impact on the levels of Leaf Area Index (LAI), which was used as a proxy
of the intensity of eco-physiological functions. The two dimensions were addressed by combining two
methodological approaches: (i) contingency tables derived from diachronic comparisons of the
dominant vegetation type at the pixel level (before and after fire), and (ii) Random Forest (RF) based
predictive models. Four fires were selected as a representative sample to reflect the diversity of forest
landscapes in Aragon affected by fire.

5.1. Plant formations and distribution of LAI values

Supervised digital classification processes using high spatial resolution images (GeoSAT-2)
allowed us to know the distribution of current vegetation and to analyze the changes in relation to the
previous distribution. In general terms, the plant formations found in the burned areas are similar to the
pre-existing ones. This is consistent with a large number of studies on similar communities using
experimental plots (Lloret et al., 2003; Pérez-Cabello, 2002). However, differential behaviors were
observed in relation to some species and specific locations.

The areas with less correspondence between plant species were located in the Aliaga fire. This
fire is representative of the Macizos Ibéricos Calcareos belonging to the potential series of holm oak
groves. Currently, the burned area is mainly occupied by Mediterranean subshrub shrublands. Pre-fire
areas dominated by Pinus sylvestris are now only recognized in small stands. The low regeneration of
these pine forests in Aliaga could be attributed to the lower regenerative efficiency of this species in the
face of severe fires, as pointed out by Martin-Alcon and Coll (2016). These pine forests do not have
serotinous properties, so after a high severity fire, much of the canopy seed bank may have died,
hindering recovery processes. However, there were specific locations (Seira fire) in which the spatial
correspondence before and after the fire was significant. This is a result of the greater effectiveness of
Pinus sylvestris in this type of landscape (Macizos Pirenaicos Calcareos de Alta Montaria, belonging to
the series of the pinares albares). This difference may also be related to the severity of the fire. Seira
presented moderate average values and many areas of low severity. Alternatively, it might be related to
the amount of time elapsed since the fire (~ 30 years compared to 14 years in Aliaga). This pattern is in
agreement with the results documented by Calama et al. (2017), Retana et al. (2012) and Maren et al.
(2023).

The pine forests, specifically those belonging to the P. halepensis species, were dominant in the
Zuera fire and showed excellent levels of recovery, occupying much of the area burned in 1995. This
high resilience is related to its serotinous properties, an adaptive strategy that keeps seeds stored in
closed cones that only open in response to stimuli such as heat from a forest fire (Habrouk et al., 1999).
In the long term, the success of Pinus halepensis has even allowed it to invade areas dominated by shrub
species with a regenerative strategy based on regrowth such as Quercus ilex and Q. coccifera. These
results are consistent with those obtained in other areas of the Mediterranean region, as reported by
Moya et al. (2019), Elvira et al. (2021), and Kazanis et al. (2024).

A high correspondence was identified in the plant formations dominated by Buxus
sempervirens, Quercus coccifera, and Genista scorpius. However, they also showed an important
invasive potential as they constituted the degraded series of tree formations affected by fire. Resprouting
shrubs, such as boxwoods, have a high ability to generate new shoots immediately after fire due to
reduced competition for resources (Keeley, 1981). Quercus gr. cerrioides and Quercus ilex exhibited
high malleability. However, an important invasive ability was also identified due to their active

Cuadernos de Investigacion Geografica, 51 (2), 2025, pp. 85-108 101



Martin Ortiz et al.

regenerative strategy in pine forest areas. These results are in line with other studies, such as those
reported by Galiano et al. (2013).

In summary, the indicators of invasiveness and malleability revealed the different response of
plant formations. On the one hand, Pinus sylvestris showed high malleability and low invasiveness in
all fires. However, this pattern was less pronounced in the Seira fire. Quercineae also showed high
malleability values, but with a high colonizing ability in areas different from those they occupied before
the fire. As for the pine forests of P. halepensis and the sub-Mediterranean and sclerophyllous
shrublands, the malleability was found to be low, with a very high invasive ability.

In relation to LAI values, the type of vegetation formation is key to explain its distribution.
However, the kind of transition between pre- and post-fire vegetation formations also determines
differences within the same formation. In this sense, certain patterns were identified in the current
distribution of LAI based on the characteristics of the transition. For example, the higher LAI values
observed in sclerophyllous shrublands dominated by Genista scorpius that originate from Pinus
halepensis stands suggest that post-fire regeneration is strongly influenced by the ecophysiological
legacy of the pre-fire pine forest. This legacy confers an initial competitive advantage to colonizing
species by enhancing resource acquisition and facilitating the reactivation of photosynthetic activity
after fire (through a greater capacity to capture light, water, and nutrients, and to regulate key
physiological processes such as photosynthesis and transpiration). Such a pattern may represent a case
of partial autosuccession, in which post-fire communities retain functional attributes from the preceding
ecosystem, leading to more efficient and stable recovery trajectories.

A similar trend is found in post-fire shrublands dominated by Buxus sempervirens, where LAI
values are significantly higher when derived from Pinus sylvestris or, particularly, Quercus gr. cerrioides
forests. This finding indicates that the pre-fire vegetation type not only shapes the subsequent floristic
composition but also influences photosynthetic efficiency and structural recovery potential—likely
mediated by the persistence of seed banks, belowground organs, or functional traits inherited from the
original forest.

As emphasized by Woodgate ef al. (2024), combining vegetation type (composition) with
quantitative indicators such as LAI provides a more accurate assessment of the degree of autosuccession,
the intensity of photosynthetic activity, and the efficiency of light use throughout the regeneration
process. These results highlight that post-fire shrubland ecosystems retain a form of ecological memory
that modulates their successional trajectories after disturbance. This memory is expressed through
functional traits governing resource-use efficiency and structural recovery, and represents a key
mechanism underpinning the resilience and adaptive capacity of Mediterranean ecosystems under
changing climatic conditions and increasingly altered fire regimes.

These findings regarding LAI and the ecological legacy of pre-fire communities are further
supported by predictive modeling using RF, which allowed us to determine the weight of different
factors on the spatial distribution of current species. In this sense, the reproductive strategy of each
species plays a fundamental role in post-fire regeneration, as widely reported in the scientific literature
(Alloza et al., 2006; Parra and Moreno, 2018; Pausas et al., 2004; Santana et al., 2012) and reinforced
here using remote sensing data.

Moreover, the importance of factors such as severity and regenerative tendency, both analyzed
using spectral indices, is also critical in predictive modeling, as described in other works (Chen et al.,
2011; Francos et al., 2018; Shvetsov et al., 2019). In the case of trends, although the NDVI may be
limited by soil influences in areas with sparse vegetation cover or phenological influences on data
readings (Pettorelli et al., 2005), it was a variable with significant predictive value. NDVI's role may
reflect cumulative processes that influence the system's dynamics and vary depending on plant
formations, which exhibit different regenerative behaviors over time. Finally, severity modulated the
regeneration of plant formations in a differential manner: in areas of high severity, the probability of
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colonization by shrublands increased, whereas the regeneration of non-serotinous germinating species,
such as P. sylvestris, was reduced.

5.2. Limitations and difficulties arising from the use of multisensor products

GeoSAT-2, Landsat 5-8 and Sentinel-2 data were used in this study, which involved working
with different spatial, spectral, and temporal resolutions. GeoSAT-2 images were used to carry out a
digital classification process in order to identify the communities currently occupying the burned areas.
These classification processes were based on the spectral behavior of the image pixels, so the number
of spectral bands can influence the results. GeoSAT-2 images present only three bands in the visible and
one in the near infrared, resulting in a limited reflectance spectrum, unlike other images such as Landsat
that provide spectral information over a wider range.

To improve image classification and reduce the influence of low spectral resolution, two satellite
images from different time points were used. This made it possible to introduce the phenological
perspective, allowing a better identification of certain forest communities. This method, together with
the small pixel size, enabled accurate and high quality identification. However, these images are only
available from 2021 to 2023. This makes it impossible to identify plant formations using high spatial
resolution in time periods prior to the fires.

For the identification of the pre-existing formations, we used products derived from Landsat
images with a spatial resolution of 30 m. In order to establish adequate comparisons between pre-
existing and present communities, it was necessary to reduce the spatial resolution of GeoSAT-2 to the
Landsat level, using mode filtering. This transformation introduced some uncertainty in the comparison
between pre-existing and current formations. However, an analysis in control zones not disturbed by
fire (invariant zones), allowed us to verify the degree of multi-temporal correspondence of the
categories, resulting in an average coincidence level of 83%. This implied an uncertainty of 17% in the
results obtained from the comparison between pre- and post-fire conditions, which made it possible to
detect the most outstanding changes in the communities as shown in the results. The lack of
correspondence in "vegetation invariant" zones can be attributed to the uncertainties inherent to the
classification process, and to the bias in generalizing the current vegetation with a centrality parameter
(mode).

6. Conclusions

In general terms, and based on the results obtained in this study, it can be concluded that plant
regeneration is more significant in areas previously dominated by species with active reproductive
strategies (resprouting or serotiny). However, greater regeneration difficulties are observed in areas
characterized by species with passive reproductive strategies, such as Pinus sylvestris. In addition to the
pre-existing vegetation type, the results underline the relevance of considering the successional
trajectory or the change in the composition of the dominant vegetation to characterize the spatial
distribution of leaf area index (LAI) values. This index is used as a proxy of the ecophysiological
functions of the regenerated vegetation. Random Forest (RF) modeling reaffirms the influence of pre-
existing vegetation, particularly in its interaction with fire severity, regenerative tendency, and landscape
context. To strengthen the robustness of the study, we propose including other plant formations and
incorporating new variables (e.g., climatic parameters, hydrological-forestry treatments), in order to
establish more precise relationships between environmental conditions and post-fire ecosystem
responses.

The development of integrative models that consider both the composition of regenerated
species and their influence on ecophysiological processes could improve forest management strategies.
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This would enable the implementation of more efficient conservation techniques, thereby optimizing
biodiversity restoration and preservation efforts in the context of recurring forest fires.
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