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Highlights
What are the main findings?

e  RPAS and Sentinel-2 enable multi-scale assessment of erosion barriers (EB).
e  NDVI higher upstream of erosion barriers; vegetation height lower in treated sites.

What is the implication of the main finding?

e Remote sensing offers operational tools for post-fire restoration monitoring.
e Long-term monitoring is key to evaluating EB effectiveness and land management.

Abstract

Post-fire soil and vegetation changes can intensify erosion and sediment yield by altering
the factors controlling the runoff-infiltration balance. Erosion barriers (EBs) are widely
used in hydrological and forest restoration to mitigate erosion, reduce sediment transport,
and promote vegetation recovery. However, precise spatial assessments of their effective-
ness remain scarce, requiring validation through operational methodologies. This study
evaluates the impact of EB on post-fire vegetation recovery at two temporal and spatial
scales: (1) Remotely Piloted Aircraft System (RPAS) imagery, acquired at high spatial
resolution but limited to a single acquisition date coinciding with the field flight. These
data were captured using a MicaSense RedEdge-MX multispectral camera and an RGB
optical sensor (SODA), from which NDVI and vegetation height were derived through
aerial photogrammetry and digital surface models (DSMs). (2) Sentinel-2 satellite imagery,
offering coarser spatial resolution but enabling multi-temporal analysis, through NDVI
time series spanning four consecutive years. The study was conducted in the area of the
Luna Fire (northern Spain), which burned in July 2015. A paired sampling design compared
upstream and downstream areas of burned wood stacks and control sites using NDVI
values and vegetation height. Results showed slightly higher NDVI values (0.45) upstream
of the EB (p < 0.05), while vegetation height was, on average, ~8 cm lower than in control
sites (p > 0.05). Sentinel-2 analysis revealed significant differences in NDVI distributions
between treatments (p < 0.05), although mean values were similar (~0.32), both showing
positive trends over four years. This study offers indirect insight into the functioning and
effectiveness of EB in post-fire recovery. The findings highlight the need for continued
monitoring of treated areas to better understand environmental responses over time and to
inform more effective land management strategies.
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1. Introduction

In forest ecosystems of the Mediterranean basin, which show a high degree of trans-
formation and degradation due to anthropogenic factors, wildfires can cause significant
environmental alterations [1], such as the removal of the vegetation cover, physicochemical
changes on soil, or an increase in runoff and soil erosion [2,3]. This is particularly true in re-
cent decades, when important changes in fire regime parameters (increase in the recurrence,
severity, and length of forest fires) [4,5] are taking place. Despite the mechanisms of vegeta-
tion resistance to fire and the intense profusion of natural strategies of sprouting—seeding of
most Mediterranean species [6], the post-fire soil and vegetation changes may intensify soil
erosion processes and sediment yield [7] by modifying the evapo-transpiration conditions
and the parameters controlling the runoff-infiltration balance [3,8].

In the context of urgent management of burned areas, the national /regional forestry
government in many Mediterranean countries has applied management practices to sta-
bilize and prevent degradation processes such as soil erosion and flooding [9], aiming
to increase soil stabilization and minimize seed removal, overland flow, and post-fire
erosion risk [10], thereby enhancing ecosystem recovery. One of the most common prac-
tices applied immediately after a fire is the installation of hillslope erosion barriers (EB
hereinafter) [10,11]. This technique has been used extensively in Europe and consists of
the construction of fences following a procedure of stacking fire-burned trees [12]. EBs
are placed following the contour lines, taking into account the topographic conditions to
reduce the erosive energy of the runoff by interposing flow paths [13,14]. There is abundant
scientific literature analyzing the effectiveness of EB in relation to hydrogeomorphological
dynamics (runoff measurements, sediment yield) [12,14-18], although the results collected
are non-conclusive [19,20]. For instance, research in reforested areas of northwestern Spain
affected by wildfires shows that, despite the intended purpose of barriers to mitigate hydro-
logical impacts and prevent soil degradation following fire events, they do not significantly
reduce post-fire erosion or contribute positively to vegetation regeneration [17]. However,
Albert-Belda et al. [21] showed that the use of Easy Barriers—an improved EB design made
from cellulose fibers—helped to reduce peak runoff discharge, delay the onset of surface
flow, and increase soil moisture. This is due, among other reasons, to interactions with
other factors that may condition the effectiveness of this technique. In addition, the lifespan
of erosion barriers can vary greatly over time [22] depending on sediment capture, rainfall
conditions, soil water-holding capacity, and the quality of the constructions (horizontal dip,
sealing of the stacks to the ground surface, etc.) [19]. On the other hand, the implementation
cost of these structures can be high compared to other alternatives. In this regard, Girona-
Garcia et al. [23] report that erosion barriers have a relatively low cost-effectiveness ratio
(USD 1386 per Mg of sediment prevented), due to their limited efficiency under intense
rainfall events and the costs associated with their construction.

The effectiveness of the erosion barrier (EB) can also be assessed through its impact
on vegetation recovery, considering the spatial pattern (upstream and downstream of
the fences) resulting from its perpendicular arrangement relative to the line of maximum
slope. These improved microenvironmental conditions are expected to stimulate vege-
tation germination and growth [24], which in turn lead to increases in photosynthetic
activity and vegetation cover. Such changes are detectable through remote sensing, as
they are reflected in vegetation indices such as the Normalized Difference Vegetation
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Index (NDVI). Therefore, the analysis of NDVI values in upstream versus downstream
areas offers a functional and spatially explicit means of assessing the ecological impact of
EBs, and supports the use of remote sensing as an effective monitoring tool in post-fire
recovery contexts.

Understanding the spatio-temporal patterns of post-fire regeneration linked to EB
is essential to evaluating their long-term effectiveness and to guiding post-disturbance
management. However, despite the potential of operational remote sensing tools to monitor
vegetation regrowth at various spatial and temporal scales, this topic remains underex-
plored [25].

Compared to labor-intensive field operations, remote sensing techniques are a time-
and cost-effective method to monitor regrowth processes [25]. Spectral trajectories, often
used as a proxy for vegetation recovery, are commonly employed to analyze the spatio-
temporal dynamics of vegetation cover following wildfires, using various spectral indices,
temporal frameworks, and remote sensing sensors [26]. On a moderate spatial scale,
satellite image collections from multispectral sensors such as the MultiSpectral Instrument
(MSI) aboard Sentinel-2 provide particularly useful information for monitoring the recovery
process due to (1) their spectral resolution (bands in the visible (VIS), near-infrared (NIR),
and mid-wave infrared (SWIR)), and (2) their ability to revisit the same spot periodically
(from 3 to 5 days). This is supported by the large body of scientific literature on burned
areas [27,28]. However, there are hardly any references to burned areas where forest
hydrological practices have been applied to minimize erosion problems and improve
vegetation recovery [29,30].

For the observation of fine-scale spatial patterns, the spatial resolution of RPAS (Re-
motely Piloted Aircraft System) imagery can facilitate the retrieval of information on areas
where treatments have been applied, allowing the observation of patterns that may go
undetected in the MSI imagery. The use of spectral cameras and imagery with photogram-
metry helps to derive spectral indices and extract digital surface models (DSMs), which
allows for a precise knowledge of vegetation patterns [31,32] in relation to photosynthetic
activity and physiognomic characteristics. These systems can provide very valid infor-
mation to understand the consequences of treatments at a fine spatial scale, since they
may vary at a scale of decimeters [33,34]. In this sense, Unmanned Aerial Vehicle (UAV)
images has been used in different studies for mapping vegetation characteristics [35-37],
but only to a limited extent for monitoring regrowth at sites where post-fire treatments
have been applied. Along the same lines, Lopez-Vicente [20,38] evaluated the efficiency of
two types of soil erosion barriers to reduce soil connectivity in a wildfire on a steep slope
using drone-derived images.

At this stage, the objectives of this study may be delineated across two different spatial
scales: (1) the analysis of the different NDVI (Normalized Difference Vegetation Index)
values over time (2016-2019) associated with the implementation of erosion barriers in com-
parison with Non-Intervention zones, where no accumulation of burned woody debris has
been arranged in the form of barriers (hereinafter referred to as NI); and (2) an assessment
of the effects that the EBs have on their areas of influence (both upstream and downstream
of the accumulations) using NDVI data and vegetation height values. This approach is
based on a double working hypothesis: (1) there are differences in the magnitude and
temporal dynamics of NDVI levels depending on the type of treatment applied; and (2) the
EBs promote vegetation regeneration in their areas of influence, particularly upstream of
the accumulations, in terms of growth and height, by facilitating the capture of sediment
and seeds due to the disruption of runoff flows.

For the second objective, we use high spatial resolution images captured from aerial
flights on a specific date, while for the first one, we opt for a temporal series of Sentinel 2A /B
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images to account for both inter- and intra-annual variations. In addition, we interpret
the variations in conjunction with the thermal and rainfall conditions during the analyzed
period (2016-2019). The study area corresponds to the northeastern sector of the Luna Fire
(NE Spain), which occurred in July 2015.

2. Materials and Methods
2.1. Study Area

The Luna Fire occurred in northern Spain between 4 and 7 July 2015 and burned
approximately 13,889 ha (Figure 1). Of this total, 4240 ha comprised tree-covered forest,
mainly dominated by Pinus halepensis Mill. and Quercus ilex L., most of which were lo-
cated in the eastern sector of the burned area. According to the methodology of Key and
Benson (2006), most of this sector exhibited High to Moderate-high levels of fire sever-
ity [39,40]. Between October 2015 and May 2016, various post-fire management treatments
were implemented.

RPAS platforms

Footprint

A02.55 10 15 Km
L1 | L I

Figure 1. Location of the study area in the Luna Wildfire and RPAS platforms footprint.

According to the technical report on emergency actions in the area affected by the
Luna Forest Fire [41], the budget required to undertake preventive measures amounted
to 1,024,114.22 €, of which 184,882.80 € corresponded to the implementation of the EB.
Specifically, the EB focused on areas of steep topography with a high risk of erosion
and were implemented in a total of 101 ha. All interventions were conducted on public
utility lands.

The EB sites analyzed in this study are located between 650 and 750 m above sea
level. This area is characterized by a Mediterranean climate, with an average annual
temperature of 12 °C and an average annual precipitation of approximately 600 mm. The
pre-fire vegetation was mainly made up of evergreen sclerophyllous shrublands (Quercus
coccifera L., Genista scorpius L., Rosmarinus officinalis L.), along with sclerophyllous pastures
dominated by Brachypodium retusum (Pers.) Beauv., and scattered trees (Pinus halepensis and
Quercus ilex).

2.2. Materials
2.2.1. Satellite Data

Within the framework of the Copernicus Program of the European Space Agency
(ESA), Sentinel-2A /B satellites provide high-resolution spatial and temporal data from
2015. The Sentinel-2 satellites are equipped with a Multi-Spectral Instrument (MSI) sensor,
whose spectral bands range from the visible to the shortwave infrared, with four bands
at a spatial resolution of 10 m (B2: 490 nm, B3: 560 nm, B4: 665 nm, B8: 842 nm) and six
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bands at a spatial resolution of 20 m (B5: 705 nm, B6: 740 nm, B7: 783 nm, B8a: 865 nm,
B11: 1610 nm, B12: 2190 nm).

Sentinel-2A /B Level-2A surface reflectance data (2016-2019) were processed in Google
Earth Engine, applying a cloud and cirrus masking filter based on the QA60 band to retain
only valid pixels. The Level-2A product provides surface reflectance after atmospheric
correction using Sen2COR, an algorithm developed by the European Space Agency (ESA).
In addition to correcting for atmospheric effects, Sen2COR generates auxiliary information
such as aerosol optical depth (AOD), water vapor, and a Scene Classification Layer (SCL),
which is commonly used to mask clouds, cirrus, and shadows. For this study, 169 orthopho-
tos (UTM/WGS84) from the Level-2A product, spatially coincident with the Luna Fire,
were used. The selection ensured that every month was represented in each year, except
for January, November, and December, which were excluded due to the significant effects
of topographic shadows.

The analysis of the effects of EB was conducted by comparing NDVI values over this
period with those of Non-Intervention areas. NDVI is a NIR-based spectral index widely
used to monitor vegetation regrowth due to its sensitivity to seasonal and biophysical
variations. Although NDVI tends to saturate in densely forested areas, it remains a reliable
proxy for assessing vegetation recovery [42]. NDVI was derived from the red and near-
infrared bands, and annual minimum, maximum, and mean values were calculated from
all available cloud-free images.

Due to the phenological seasonality of the plant communities that colonize burned
areas (e.g., pastures and Mediterranean aromatic shrubs) and its varying spectral response
throughout inter-annual growth, vegetation growth trajectories are characterized using
seasonal patterns known as Land Surface Phenology (LSP). LSP represents vegetation
dynamics that can be interpreted by spectral remote sensing imagery, including key pheno-
logical events such as the start of the greening season, the peak of the growing season, or
the end of the season [43].

2.2.2. RPAS Imagery

Two fixed-wing RPAS platforms (eBee X and eBee Plus) from a SenseFly [44] were used
to characterize the effects of the EB on vegetation development at high spatial resolution.
The eBee X drone was used with a multispectral sensor (Micasense RedEdge-MX, senseFly,
Cheseaux-sur-Lausanne, Switzerland), while the second drone, eBee Plus, was equipped
with an RGB optical sensor (SODA) to perform photogrammetric processing. The first is
a multispectral camera that registers information in five spectral regions including blue
(B), green (G), red (R), Red Edge (RE), and the near-infrared (NIR) with an average spatial
resolution of 8.2 cm/pixel at an altitude of 120 m [45] (Tables 1 and 2). The second, SODA,
provides RGB images that allow for the generation of high-precision orthomosaics and
digital models of the surface (DSM) with an average spatial resolution of 5 cm/pixel at an
altitude of 120 m.

Table 1. Characteristics of RPAS platforms.

eBee Plus RTK-PPK

Manufacturer senseFly Company, Cheseaux-sur-Lausanne, Switzerland
Weight Approx. 1.1 kg
Power source 4900 mAh Lipo
Endurance 59 min

GNSS Navigation RTK-PPK
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Table 2. Characteristics of the sensors.

SODA MicaSense RedEdge-MX
Company senseFly senseFly
Type BSI CMOS 1-inch
Blue (475 nm), Green (560 nm), Red (668 nm),
Spectral range Blue, Green, Red Red Edge (717 nm) NIR (840 nm)
Image format JPEG TIFF
Flying height above ground 100 m 120 m
Ground Sampling Distance 2.3 cm/pix 8 cm/pix
Company SenseFly SenseFly

An autonomous flight mission was configured using eMotion software, while also
incorporating GNSS RTK (Global Navigation Satellite System-Real Time Kinematic) and
PPK (Post-Processing Kinematic) technology to obtain georeferenced images with centi-
metric accuracy. The images were taken on 6 August 2019 (four years after the fire). On
the first flight with the SODA sensor, a visible RGB image was taken at 11:00. The second
one, with the multispectral camera (MicaSense RedEdge-MX) started at 12:00 and the last
one finished at 16:30. For flight georeferencing, an RTK connection was established via the
ARAGEA network (Continuously Operating Reference Stations, CORS) of the Gobierno de
Aragoén (Instituto Geografico de Aragén, IGEAR), using a Virtual Reference Station (VRS)
antenna. Due to the lack of data coverage in the study area, it was necessary to combine
RTK and PPK methods by post-processing with RINEX data from the Zaragoza and Ejea
reference stations of the ARAGEA network.

The orthomosaics and DSM generation were executed using Pix4D Mapper software
in three consecutive phases: (1) orientation of the images depending on the position and
angle registered by the different sensors onboard the RPAS, such as the IMU (Inertial
Measurement Unit). These use a series of accelerometers and gyroscopes to register the
different movements of the platform such as warps, pitches and turns or the signal itself
received by the GNSS sensor; (2) obtaining a model of the point cloud in LAS format.
(3) obtaining products: orthomosaics of the images, digital models of the surface and land,
and a calculation of the NDVI spectral index [46]. Taking into account the high absorption
rate of green leaves in the visible region and the levels of reflection in the near-infrared
region, non-radiometrically calibrated MicaSense RedEdge-MX bands were used to achieve
a vegetation index (NDVI). UAV-based NDVI was computed using the red (668 nm) and
near-infrared (840 nm) bands.

The height of the vegetation canopy was obtained using the photogrammetric image
by subtracting the Digital Terrain Model (DTM) from the Digital Surface Model (DSM) of
the vegetation canopy [32], resulting in a normalized DSM (nDSM) [47]. The methodology
based on multi-view photogrammetry (Structure from Motion, SfM) has been extensively
evaluated, with numerous studies confirming its reliability for estimating vegetation cover,
canopy height, and NDVI at high spatial resolution [48-55]. However, the objective here
was not the absolute estimation of NDVI or vegetation height, but their relative comparison
between areas located upstream and downstream of the erosion barriers (EB), as well as
between treated (EB) and control (NI) plots.

2.2.3. Climatic Anomalies

The monthly thermo-pluviometric anomaly analyses used in this study were obtained
from products developed by the Departamento de Desarrollo Rural y Sostenibilidad of
the Gobierno de Aragén (Department for Rural Development and Sustainability of the
Government of Aragon) (DGA), specifically by the Secretarfa General Técnica. These data
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Time-Series NDVI
Sentinel-2 Data
(MSI) sensor

Monthly

pluvio-thermal
anomalies

were collected by the meteorological station in Castejon de Valdejasa, located near the study
area, and belong to the Meteorological Network of the Spanish Ministry of Agriculture,
Food and the Environment.

Two key indicators were examined: (1) rainfall anomaly (RA, Equation (1)), defined as
the difference between the monthly accumulated precipitation and the mean precipitation of
a historical climate series, divided by the mean precipitation and expressed as a percentage;
and (2) temperature anomaly (TA, Equation (2)), calculated as the difference between the
average temperature of a given month and the mean temperature of the historical series for
that month.

RA — (monthly accumulated ramfal'l — monthly mean ramfull) < 100 1
mean rain fall
TA = monthly temperature — monthly mean temperature )

2.3. Sampling Designs

Figure 2 provides an overview of the methodology used in this work to evaluate the
consequences of the EB on vegetation recovery.

]

Al

RPAS imagery. Multispectral

sensor (MicaSense RedEdge-MX)

and RGB optical sensor for
photogrammetry (SODA)

downstrean,

1.- Digitalisation of segments to the
location of the EB using RGB images

Trend and differences analysis between —
the erosion barriers areas (blue 2.- Digitalisation of plots (Test
rectangle) and non-intervention areas

areas EB), situated upstream
and downstream from fences

(black rectangle)

1

Analysing the differences between EB areas
of influence (RPAS imagery)
Random sample of paired observations

(upstream and downstream from the
accumulation points of stacks of burnt wood)

A

Figure 2. Diagram outlining the main methodological stages and the two types of sampling.

3.- Digitalisation of plots
(Test Areas NI)

2.3.1. Analysis of the Differences Between Treatments (Multitemporal Sentinel Data)

The analysis of the differences between the vegetation recovery related to the EB and NI
was carried out using stratified sampling. The stratification was undertaken by combining
the type of treatment (EB and NI) and the topographic exposure (E, S, W and Facing all
Winds-FW), since the topographic exposure represents one of the variables that exert the
most control over the revegetation processes [56] in the sub-Mediterranean environments in



Remote Sens. 2025, 17, 3422

8 of 23

which the burnt area is registered. North-facing orientations were excluded due to the lack
of homogeneous distribution across treatments and the occurrence of occlusion phenomena,
particularly during winter. A total of four 40 m-long quadrangular plots were designated
for each treatment (Non-Intervention and erosion barriers) (Figure 3). Considering that
the analysis spans a four-year period, the database compiled from 168 Sentinel images
comprises 1344 records (672 per treatment and 167 per topographic exposure type). Pixels
affected by cloud cover or shadow were excluded from the analysis.

Z
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Figure 3. Distribution of the 40 m-long quadrangular plots, distinguishing between Non-Intervention
areas (NI) (rectangles in black) and areas with erosion barriers (EB) (rectangles in blue). The pink
rectangle indicates the area enlarged on the right.

2.3.2. Analysis of the Differences Between the EB Areas of Influence (RPAS Imagery)

The experimental design for analyzing the effect of erosion barriers installation on
vegetation recovery is based on a randomized sample of paired observations (upstream
and downstream of the accumulation lines of stacked burnt wood) (Figure 4). Data were
collected in three phases:

1.  Digitization of EB segments. The positions of the erosion barriers are digitized using
high-resolution RGB imagery and the DTM. Given variability in the length of the
wood stacks, each digitized segment measured between 4 and 6 m.

2. Digitization of plots within EB influence areas. Influence areas are defined as the
zones directly upstream and downstream of each EB segment. Using each segment as
a reference, rectangular plots measuring 3 x 6 m were delineated along the direction
of maximum slope. This resulted in paired plots per EB segment—one located above
(upstream) and one below (downstream) the barrier. Each pair of plots constitutes an
EB test area (hereafter, Test Area-EB).
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3. Digitization of control plots (Test Areas-NI). Control plots were established in nearby
areas with similar slope and ecological conditions, but without EBs. For each EB
segment, a corresponding control segment was identified in an adjacent, untreated
slope section, typically located upslope and within close proximity. The same spatial
configuration (3 X 6 m) and orientation (following the maximum gradient) were
used to ensure comparability. This pairing strategy aimed to isolate the effect of EB
presence as the primary differentiating factor between treatments.

W 7
j . ’

B TestAreas’
- 1 Wildfire perimeter

7
nd, FEMA Intermap and the GIS user
J community

Test Areas-NI

EB

Test Areas

Figure 4. Top: Distribution of test areas. Bottom: Experimental design for the analysis of the effects
of EB (erosion barriers) on vegetation height and NDVI values using RPAS imagery.



Remote Sens. 2025, 17, 3422

10 of 23

In total, 404 test areas were identified across both EB and Non-Intervention (NI) zones,
resulting in 808 individual plots segment—one located above (upstream) and one below
(downstream) the barrier.

2.4. Statistical Analysis

Based on the information derived from the Sentinel-2 imagery, three key aspects were
analyzed: (1) differences in NDVI magnitude; (2) trends in NDVI values over the four-
year period; and (3) seasonal phenology. For each scenario (treatment and year), various
centrality and dispersion parameters were extracted to characterize the spatiotemporal
dynamics. Statistical analysis of differences between the two treatments was conducted
using ANOVA and the Bonferroni test (95% confidence level).

The non-parametric Mann-Kendall test (MK, statistical Z) and the Theil-Sen slope
were applied to evaluate the significance of spectral trends [57,58]. Both methods were
performed using a function package: http://cran.r-project.org/package=wq (accessed
on 16 November 2023) and the macros MAKESENS [59]. The annual vegetation phenol-
ogy cycle, derived from NDVI over a 9-month period (excluding November, December,
and January), was analyzed considering key phenological phases of vegetation dynamics
on an annual scale: (1) Greenup, the start of the greening season (Start of Season, SOS),
which marks the onset of photosynthetic activity; (2) Maturity, the peak of the grow-
ing season, defined as the date when the plant’s green leaf area reaches its maximum,;
(3) Senescence, the end of the season (End of Season, EOS), which indicates the point at
which photosynthetic activity and green leaf area begin to rapidly decline.

On the other hand, based on the information obtained from the RPAS imagery (height
and NDVI), analyses were conducted to assess whether there were differences between the
influence areas (plots) located upstream and downstream of stack accumulations, namely
Test Areas-EB and Test Areas-NI. These differences were calculated individually for each
test area (or observation) as Diff = downstream — upstream, both for EB-treated and
untreated (NI) plots.

Prior to statistical modeling, we assessed the degree of spatial autocorrelation in the
NDVI dataset using Moran’s I index, calculated over all sampled pixels with a lag distance
of 120 metros. The results indicated a high and statistically significant autocorrelation
(Moran’s I index = 0.3098; p < 0.001) (Appendix A), consistent with the spatially continuous
nature of the variables and the resolution of the imagery. Subsequently, two complementary
statistical approaches were employed to determine the effect of EB:

- Linear Mixed Models (LMM): Models were fitted for each variable using the Imer()
function from the ImerTest package. The Treatment factor was included as a fixed
effect to assess systematic differences between EB and NI, while the relative position
within each test area was included as a random intercept to account for spatial depen-
dence between observation pairs. Degrees of freedom were approximated using the
Satterthwaite method.

—  Permutation Tests: Non-parametric permutation tests (oneway_test () from the coin
package) were applied to assess the significance of differences in Diff between treat-
ments, without assuming normality of the data. A total of 10,000 resamplings were
generated to estimate empirical p-values.

Additionally, the Pearson’s correlation coefficients (r)- were used to assess the degree

of agreement between variables measured in the test areas. All analyses were performed
using R version 4.4.0 or higher.
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3. Results
3.1. Analysis of NDVI Values over Time (2016-2019)

The temporal distribution of the NDVI values during the study period (2016-2019) is
presented, highlighting the main trends and phenological characteristics associated with
the regenerated vegetation at the EB and NI sites. Descriptive statistics for the NDVI values,
derived from multitemporal Sentinel-2 imagery, are provided in Table 3.

Table 3. Descriptive statistics of the distribution of NDVI values by treatment and year; EB (Erosion
Barriers); NI (Non-Intervention).

2016 +0 years 2017 +1 year 2018 +2 years 2019 +3 years
EB NI EB NI EB NI EB NI
Min. 0.088 0.073 0.233 0.225 0.245 0.236 0.233 0.263
Max. 0.313 0.322 0.468 0.479 0.461 0.459 0.462 0.453
Mean 0.215 0.231 0.305 0.326 0.340 0.357 0.338 0.352
Stand. Dev. 0.042 0.044 0.044 0.048 0.043 0.044 0.039 0.042
Var. Coef. 0.195 0.188 0.145 0.146 0.125 0.123 0.115 0.118

Despite the years that have passed since the EB installation, the highest average values
are consistently observed at the NI site (~0.33), although the values at the EB sites (~0.31)
are comparable. Variability is also similar between both sites, with a coefficient of variation
of approximately 14.5%.

Opverall, the average NDVI values across all years and treatments indicate moderate to
low vegetation cover, particularly in 2016, when the EB installations were completed just
six months post-fire. However, significant differences between sites were detected for the
entire period and for each year individually, with the exception of 2016 (Table 4).

Table 4. Analysis of the NDVI differences between the categories (EB and NI) with a confidence
interval of 95%.

Month/Year Difference Standardized Differences p-Value
February 0.007 0.597 0.551
March 0.015 1.557 0.120
April 0.020 1.509 0.132
May 0.023 2.492 0.013
June 0.021 1.908 0.057
July 0.018 2.185 0.029
August 0.018 2.359 0.018
September 0.017 1.813 0.070
October 0.013 1.456 0.146
2016 0.017 2.621 0.009
2017 0.017 3.658 0.000

2018 0.021 4.552 <0.0001
2019 0.015 3.574 0.000

Over the 4-year period, both sites exhibited significant positive trends in NDVI values
(Kendall’s tau = 0.635 for NI and 0.676 for EB; p < 0.0001). Nevertheless, the Sen’s slope
values (0.005 in both cases) indicate that the rate of increase was relatively low (Table 5).
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Table 5. Trend analysis of NDVI values by treatment (2016-2019) using Kendall’s tau and Sen’s slope;
EB (Erosion Barriers); NI (Non-Intervention).

NI EB
Kendall’s tau 0.635 0.676
Kendall’s S statistic: n® of concordant pairs minus discordant pairs 400 426
p-value <0.0001 <0.0001
Sen’s slope 0.005 0.005

0.45

In terms of phenological profiles, very low NDVI values (0.21) were observed in
2016—similar to those in areas devoid of vegetation—with minimal seasonal variations,
marked by a slight increase in June (Figure 5). However, a positive trend in vegeta-
tion recovery was evident at both sites, reflecting the typical recovery process observed
in Mediterranean ecosystems affected by wildfires. Rainfall anomalies were noted that
year, particularly positive deviations in spring, October, and especially November, con-
sistent with the equinoctial rainfall patterns of the region (Figure 6). These rainfall pat-
terns likely contributed positively to vegetation regeneration following the fire and the
installation period.

Erosion Barriers Non-Intervention

~ 0.35 L 21
: . %
0.30 =

0.10

0.05

—=—1016 2017 =—@=2018 =—a=3019

Fb Mz Ap

0.00
My =m J1 Ag Sp O Fb Mz Ap My |n J1 Ag Sp O

Figure 5. Left: Temporal distribution of mean NDVI values with 95% confidence intervals for EB
(2016-2019). Right: Temporal distribution of mean NDVI values with 95% confidence intervals for
Non-Intervention areas (2016-2019).

In the second year (2017), NDVI values increased due to the vegetation recolonization
process, with a noticeable narrowing between treatments. Compared to 2016, both the
EB and NI areas experienced an approximate 140% increase in NDVI values. Both sites
began to exhibit a phenological pattern typical of Mediterranean communities, regulated
by temperature seasonality, water availability, and solar radiation. Two prominent peaks
were observed: the first (maturity) in June and the second in autumn, despite negative
rainfall anomalies recorded from August (Figure 6). Photosynthetic activity (SOS) began in
March, with the lowest production observed in February and during the summer months.
From a thermal-rainfall perspective, no significant anomalies were noted throughout the
year. However, autumn was notably warmer and drier, and spring was characterized by
alternating dry and wet months.
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Figure 6. Temporal distribution of thermal and rainfall anomalies (2016-2019).
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In 2018, both sites recorded a further increase in NDVI values (around 156%), with the
difference between them decreasing. June remained the month with the highest vegetation

production, followed by May and July. Climatically, a significant rainfall anomaly occurred

in spring, particularly in April, coinciding with below-average temperatures for that period

(Figure 6).

In the final year of the study (2019), NDVI growth stabilized and the differences
between treatments were substantially reduced. There was a notable change in phenological
profiles, with higher NDVI values observed between February and April, compared to
other months, and maturity shifted to May. Climatically, 2019 was unique with a negative
rainfall anomaly in spring, coupled with a particularly warm and wet summer. However,

additional factors, such as species-specific water access strategies, soil moisture storage,

and vegetative vigor from previous periods, also modulate vegetation response and buffer

the effect of individual climatic events.
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3.2. Differences Between Influence Areas of the EB

The descriptive statistical parameters related to NDVI and height values derived
from RPAS imagery are shown in Table 6, focusing on the influence areas closest to EB
at a small scale. The NDVI averages are approximately 0.4 in both plots surrounding the
EB (upstream and downstream), as well as in the plots of Test Areas-NI, although the
latter exhibits greater variability. These values are slightly superior to those obtained from
Sentinel images on 6th August 2019, two days after carrying out the flight, due to the effects
of the different spatial resolution and the pixel mixing effect (Appendix B).

Table 6. Statistical summary of the test areas (EB and NI) for the variables NDVI and vegetation
height (m).

NDVI NDVI HEIGHT HEIGHT
EB NI EB NI
Upstream Downstream Upstream Downstream Upstream Downstream Upstream Downstream
Mean 0.455 0.439 0.426 0.432 0.272 0.285 0.376 0.341
Minimum 0.266 0.129 0.152 0.194 0.008 0.002 0.008 0.023
Maximum 0.690 0.748 0.768 0.679 1.298 1.712 2.576 1.482
1st Quartile 0.399 0.377 0.362 0.364 0.108 0.122 0.127 0.121
3rd Quartile 0.517 0.495 0.485 0.495 0.352 0.379 0.489 0.468
Median 0.450 0.443 0.411 0.427 0.216 0.229 0.265 0.264
Standard deviation (n — 1) 0.083 0.084 0.099 0.095 0.225 0.249 0.383 0.294
Variation coefficient 0.182 0.189 0.233 0.218 0.824 0.873 1.016 0.861
Lower bound on mean (95%) 0.444 0.428 0.411 0.419 0.241 0.250 0.323 0.300
Upper bound on mean (95%) 0.467 0.451 0.439 0.445 0.303 0.319 0.429 0.382

However, significant differences in NDVI are identified between the distributions of
the plots in Test Areas-EB. The mixed model indicated that the mean value of the difference
(Diff = downstream — upstream) was significantly more negative in plots with EB than in
non-intervened plots (Estimate = —0.0226, p = 0.0088) (Table 7), and the permutation test
confirmed the statistical significance of this difference (Z = —2.612, p = 0.0087).

Table 7. Results of the linear mixed-effects model for vegetation NDVI and height difference (down-
stream — upstream) as a function of treatment (EB = Erosion Barriers; NI = Non-Intervention).

Estimate Std. Error t Value Pr(>1tl)
NDVI 0.023 0.009 2.631 0.008 **
Height —0.048 0.029 —1.640 0.103

Statistical significance: ** p < 0.05.

Additionally, a greater degree of correlation is detected between plots that are not
separated by stacks, compared to those separated by fences, i.e., higher photosynthetic
activity is observed upstream in Test Areas-EB compared to the plots in Test Areas-NI,
where differences between plots are less pronounced.

Regarding vegetation height, average values are around 27-28 cm in Test Areas-EB,
with no evident differences between plots (upstream vs. downstream). In Test Areas-NI,
vegetation height is notably greater (~35 cm), although the mixed-effects model indicated
that the difference between treatments was not statistically significant (Estimate = —0.048,
p = 0.103). The permutation tests also did not detect a significant difference (Z = 1.568,
p =0.1248).

Therefore, the effect of stacking is not substantial within test areas, but it does have
an impact at a broader scale, indicating that stack formation influences the height of
regenerating vegetation. In terms of dispersion, the parameters are less pronounced in the
influence areas of the EB compared to Test Areas-NI, following a similar pattern to that
observed for NDVI values.

Figure 7 shows the degree of association between the test areas (EB vs. NI) for NDVI
and vegetation height. The strongest association was observed for NDVI between the two
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areas (r = 0.61). In contrast, the relationships between NDVI and height within each area
were generally weak, with r = 0.42 in EB and r = 0.36 in NI. Finally, when crossing variables
between areas, the r values dropped below 0.22, confirming the absence of consistent linear
associations. This suggests that erosion barriers had a stronger influence on structural
attributes of vegetation recovery (height) than on spectral greenness (NDVI), reinforc-
ing the idea that NDVI and structural metrics provide complementary perspectives on
treatment effects.
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Figure 7. Scatter plots for the test areas (EB and NI) showing the relationships between NDVI (X-axis)
and vegetation height (m) (Y-axis). R values in bold indicate statistically significant correlations
(e = 0.05). Red lines represent the fitted regression line.

4. Discussion

Erosion barriers are among the most widely implemented post-fire emergency sta-
bilization treatments [60]. However, their effectiveness remains inconclusive due to in-
teractions with other factors such as fire severity, rainfall characteristics after fires or the
way in which the stacks are placed (e.g., degree of contact with the ground) [14,21,61]. In
additions, their effectiveness is generally temporary, and in many cases, their impact on
reducing erosion decreases markedly after the first post-fire year, raising concerns about
their long-term cost-effectiveness [23].
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This study compares NDVI values between different post-fire management areas (NI
& EB), focusing on trends and the seasonal phenology of vegetation regeneration over a
four-year period. Additionally, it analyzes the effect of EB on vegetation at a more accurate
spatial scale and at a specific point in time, considering their influence zones—specifically,
upstream and downstream of the stacked burned wood. The working hypothesis posits
that the disruption of overland flow and the increased retention of sediment may enhance
vegetation cover. This effect could be attributed to improvements in soil conditions within
the influence zones located upstream of the erosion barriers.

4.1. Monitoring Post-Fire Recovery at EB and NI Sites Using Sentinel-2 Imagery (2016-2019)

Over the four-year analysis period, albeit limited, differences between the two man-
agement treatments (EB and NI) were identified using Sentinel-2 NDVI time-series data,
which serves as a valuable proxy for monitoring vegetation dynamics and change [62].
In general, NI areas exhibited higher NDVI values compared to EB areas, although the
differences were relatively small and not statistically significant (p-value > 0.05).

When integrated with findings from other studies, our results suggest that areas
without post-fire intervention generally exhibit more favorable conditions for vegetation
regeneration. This may be due to the absence of disturbances caused by the machinery
used in hydrological and forest restoration efforts. Accordingly, through a similar method-
ology and using NDVI as a proxy for vegetation recovery, Vlassova & Pérez-Cabello [30],
demonstrated that in Pinus halepensis and Quercus coccifera ecosystems, post-fire recovery
is higher in Non-Intervention areas than in those where different practices of logging
were performed [30]. In the EB areas of the Luna Fire, residual wood was relocated (e.g.,
cordons, slash, and stacked piles), though not in a manner that could be considered overly
disruptive to the soil. However, these activities may have had negative effects on vegetation
regeneration, at least during the initial stages [16], due to alterations in soil characteristics
or a reduction in the surface area available for regeneration in certain locations.

Monitoring vegetation trends and intra-annual regrowth stages has enabled us to
characterize post-wildfire vegetation dynamics in the short term, providing critical insights
into ecosystem functioning. Our results highlight two overarching processes in both Test
Areas: (1) the gradual adaptation of vegetation to a phenological pattern more typical
of Mediterranean communities, dominated by thickets and pastures; and (2) a positive
growth trend over the four-year period across both management approaches. However, the
increasing seasonal component observed throughout this period appears to be disrupted
in 2019, when phenological cycles become less distinct compared to 2017 and 2018. This
disruption is characterized by unusually high values during winter and spring, followed
by a decline in June and subsequent stabilization for the remainder of the year.

While the increase in NDVI during the winter and spring months could be attributed
to the inertia of the vegetation recovery process in burned areas, the pattern observed from
June 2019 onward is less straightforward to explain. One possible explanation involves the
specific thermal and precipitation patterns of that year. In particular, a relatively dry spring
and June, followed by an unusually wet summer, may have contributed to the stabilization
of NDVI values until autumn.

However, it is important to emphasize that there is no direct or necessarily linear
relationship between annual climatic anomalies and NDVI values, as the latter can be
influenced by multiple additional factors that modulate vegetation response. In particular,
plant species” ability to access water depends not only on surface water availability or
short-term precipitation, but also on eco-physiological traits such as root system depth
and structure, as well as on the plant’s reserve status and vegetative vigor from previous
months. Preceding climatic conditions can significantly affect soil water content and,
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consequently, vegetative response during the year under analysis. Therefore, an analysis
based solely on monthly temperature or precipitation anomalies may be insufficient to
fully explain NDVI variations. Appendix D includes the results of an additional correlation
analysis (Spearman), showing the lack of a relationship between NDVI values and monthly
pluvio-thermal anomalies, thereby reinforcing the complexity of the climate-vegetation
response linkage in the context of this study.

Additionally, the reduced seasonality of vegetation in 2019 could be linked to shifts
in the species composition of the regenerating plant communities. In this regard, the
initial stages of recovery after the fire are driven primarily by herbaceous plants with short
life cycles [63], which typically reach their peak within 1-5 years, after which both their
presence and diversity begin to decline. In contrast, shrubs and woody species exhibit a
more consistent growth pattern during the first five years, with their presence stabilizing
thereafter [9]. Although we do not have a complete sequence documenting changes in
vegetation composition over these years, the use of high-resolution imagery allowed us to
identify the dominant species in the burned areas at the end of the period analyzed in this
study. In this regard, the prevailing plant formations (Quercus coccifera, Juniperus oxycedrus,
Pinus halepensis, etc.) suggest that the transition toward more woody vegetation could be
the factor that best explains the phenological profile change observed in 2019.

Despite the challenges of monitoring inter-annual vegetation dynamics of perennial
grasses with remote sensing due to their short growing season, as highlighted by Villarreal
et al. [64], the NDVI values in the treatment areas and the inter-annual variability of
phenological profiles reveal the immaturity of plant communities. They also underscore the
sensitivity of colonizing communities to thermal and rainfall variability. The most notable
finding is undoubtedly the gradual standardization of vegetation recovery, regardless
of the treatment type applied, both in terms of the magnitude of NDVI values and the
characteristics of the phenological cycle.

4.2. Differences Between EB Zones of Influence

The influence areas of the EB showed slightly higher values than those recorded in Test
Areas-NI, but were lower when considering the variable of vegetation height. Specifically,
within the Test Areas-EB, there were significant differences in NDVI values between the
influence areas, resulting in a greater degree of regeneration in plots located upstream of
the stacks. Therefore, these results suggest a modest but positive effect of the EB structures,
particularly in the areas upslope of the stacks. By capturing sediment, these barriers may
contribute to the improvement of soil and hydro-geomorphological conditions, such as
increased moisture levels, nutrient availability, and seed accumulation, all of which are
factors known to support vegetation recovery [38,65]. Therefore, EB not only serve a
physical function but also act as a catalyst for vegetation regeneration and for improving
the microclimatic conditions of the affected soil.

In this regard, Rey et al. [65] observed an improvement in soil moisture, which, in turn,
may promote vegetation regrowth. Similarly, Gémez-Sanchez et al. [66] reported higher
organic material values in areas treated with restoration actions compared to burned areas
without intervention. However, both types of areas were found to be equivalent in terms of
vegetation cover and diversity [66].

Nevertheless, the effectiveness of EB should be interpreted with caution. This study
was conducted in a small, morphologically homogeneous area with low edaphic variability,
which limits the generalizability of the findings and precludes the formulation of specific
recommendations regarding optimal slope ranges, soil types, or vegetation recovery stages
for EB implementation. Several factors may have constrained the observed effectiveness,
including the imperfect fit of the barriers to the soil surface and the delayed timing of the
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intervention, potentially reducing their influence on vegetation recovery. Despite these
limitations, the results provide valuable evidence of the potential ecological benefits of EB
in post-fire Mediterranean environments, particularly in enhancing photosynthetic activity,
even if the overall magnitude of their impact remains moderate.

Regarding vegetation height, the comparisons yield varying results. Firstly, the values
in Test Areas-EB were slightly lower than those recorded in Test Areas-NI. This distribution
pattern of vegetation height could be explained by a greater alteration due to the use
of necromass from shrubs and subshrubs to construct cordons, which may inhibit the
recovery of this layer. Secondly, no significant differences in vegetation height were found
between plots in any of the test areas, whether located upstream or downstream of the
stacks. This suggests that the position relative to the stacks had no measurable effect on
vegetation height. Moreover, the vegetation composition in EB-treated areas aligns with
the observed lower vegetation height, due to the dominance of herbaceous and subshrub
species, whereas NI areas are characterized by a higher presence of taller woody species
(Appendix C).

Furthermore, the study highlights the potential of RPAS-based methodologies for the
analysis and monitoring of such post-fire infrastructures. In relation to other studies that
have applied similar methodologies in burned areas (based on RPAS-derived information),
the observed increase in photosynthetic activity (NDVI) is consistent with the findings
of van Blerk et al. [67], who used UAVs to monitor ultra-fine-scale vegetation changes
in the early post-fire period. Similarly, Pddua et al. [68] demonstrated the capacity of
UAV multispectral sensors to detect vegetation structure and survival following wildfire in
Portugal. These studies reinforce the value of UAV-based monitoring to detect subtle spatial
variations in regeneration linked to post-fire interventions. Martinez et al. [69] detected
variability in vegetation cover between burned and unburned areas, although they did not
find significant advantages for evaluating the effectiveness of post-fire treatments—such
as log erosion barriers (LEBs) and contour-felled log debris (CFDs)—in a forest in Central
Eastern Spain. However, as noted by Fernandez-Guisuraga et al. [70], UAVs may present
limitations in assessing vegetation when it is sparse or structurally heterogeneous.

In summary, although the primary objective of the erosion barriers is not strictly
to enhance vegetation regeneration, the stacks do result in slight but significant differ-
ences between the plots, depending on their position relative to the stacks (upstream or
downstream). Increased photosynthetic activity is observed upstream, likely due to the
disruption of laminar flow and the accumulation of sediment. Furthermore, the benefits
derived from the EB extend beyond hydrogeomorphological improvements, as they serve
as a method to manage residual necromass, which can also provide organic contributions
to the soil through decomposition [66,71].

This study contributes to a growing body of UAV-based research demonstrating that
erosion control measures can also yield ecological co-benefits, especially when assessed with
high-resolution remote sensing tools. Our approach, integrating RPAS photogrammetry
with multitemporal satellite data, may serve as a replicable model for similar assessments
in other post-fire Mediterranean or temperate ecosystems.

5. Conclusions

Remote sensing imagery, with varying spatial and temporal resolution, has been
identified as an effective tool for understanding ecosystem responses to the installation
of erosion barriers. It provides valuable insights into vegetation recovery patterns and
contributes positively to sustainable forest management. More specifically, time-series
NDVIsatellite data serve as a key resource for detecting trends and seasonality in vegetation
changes over time. Additionally, RPAS platforms enable the acquisition of high-resolution
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imagery, allowing for detailed mapping of surface cover within the influence areas of
EB practices.

In the short term, one of the main consequences of installing the erosion barriers is a
slight decrease in NDVI values compared to those from Non-Intervention sites. However,
the seasonal phenological profiles and inter-annual trends display a strong similarity. In
this context, the inter-annual variability in the phenological profiles reflects the initial stage
of the vegetation community in the recovery process and the sensitivity of colonizing com-
munities to thermal and rainfall anomalies. Over the four-year period, growth stabilized
and intra-annual differences decreased due to an initial phase in which the bush component
of the regeneration dominated the herbaceous zones.

Regarding the operational effects of erosion barriers on areas located upstream and
downstream of the stacks, the influence areas upstream exhibited higher NDVI values than
those downstream. This could be due to the greater accumulation of seeds, nutrients, and
moisture in upstream zones. In contrast, this pattern was not observed in areas without
EB. However, we found that the vegetation in the EB areas was shorter, likely because the
woody structures of the thickets were used in the construction of the barriers.

The study provides indirect insight into the operation and outcomes of erosion barriers.
The recovery process in post-fire treatment areas exhibits varying degrees of effectiveness,
which necessitate monitoring to track environmental changes over time and to develop
more effective management strategies.
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Appendix A. Spatial Correlogram of NDVI Values Based on Moran'’s I
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Appendix B. Exploratory Comparative Analysis of NDVI Values Derived
from Both Platforms (RPAS & Sentinel-2)

Table Al. Descriptive statistics of NDVI values.

NDVI Minimum Maximum Mean Std. Deviation
NI_RPAS 0.1517 0.7678 0.4291 0.0971
EB_RPAS 0.1289 0.7477 0.4473 0.0836

EB_SENTINEL 0.2596 0.3742 0.3161 0.0358
NI_SENTINEL 0.2657 0.3907 0.3304 0.0393

Table A2. Comparison of K samples (Kruskal-Wallis test).

NDVI NI_RPAS EB_RPAS EB_Sentinel NI_Sentinel
NI_RPAS 1 0.0130 <0.0001 <0.0001
EB_RPAS 0.0130 1 <0.0001 <0.0001

EB_Sentinel <0.0001 <0.0001 1 0.3798
NI_Sentinel <0.0001 <0.0001 0.3798 1

Appendix C. Distribution by Treatment (NI & EB) of Vegetation Types
Obtained Through Supervised Digital Classification of High-Resolution
GeoSAT-2 Imagery

Bare Quercus Pinus Juniperus Mixture of Brachypodium
Ground coccifera halepensis oxycedrus retusum & Thymus vulgaris
EB 1.96% 19.83% 6.70% 7.82% 63.69%
NI 0.00% 27.07% 19.23% 11.60% 42.02%

Imagery provided under the IGN/CNIG-CDTI Collaboration Agreement. Classification used the Maximum
Likelihood algorithm with training areas from orthophotos, false-color composites, and field data. Accuracy, validated
with GNSS ground-truth data (2023-2024) and orthophotos, exceeded 90% overall (Kappa > 0.85). © GEOSAT.

Appendix D. Correlation Matrix (Spearman)

Rainfall A 1
Variables Mean (ndvi) amnta % )noma Y Thermal Anomaly (°C)
Mean (ndvi) 1 —0.2554 —0.0818
Rainfall Anomaly (%) —0.2554 1 —0.1591
Thermal Anomaly (°C) —0.0818 —0.1591 1
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