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Abstract: Accurate vegetation mapping is essential for monitoring biodiversity and manag-
ing habitats, particularly in the context of increasing environmental pressures and conser-
vation needs. Ground truthing plays a crucial role in ensuring the accuracy of supervised
remote sensing maps, as it provides the high-quality reference data needed for model
training and validation. However, traditional ground truthing methods are labor-intensive,
time-consuming and restricted in spatial coverage, posing challenges for large-scale or
complex landscapes. The advent of drone technology offers an efficient and cost-effective
solution to these limitations, enabling the rapid collection of high-resolution imagery even
in remote or inaccessible areas. This study proposes an approach to enhance the efficiency
of supervised vegetation mapping in complex landscapes, integrating Multivariate Func-
tional Principal Component Analysis (MFPCA) applied to the Sentinel-2 time series with
drone-based ground truthing. Unlike traditional ground truthing activities, drone truthing
enabled the generation of large, spatially balanced reference datasets, which are critical for
machine learning classification systems. These datasets improved classification accuracy
by ensuring a comprehensive representation of vegetation spectral variability, enabling the
classifier to identify the key phenological patterns that best characterize and distinguish
different vegetation types across the landscape. The proposed methodology achieves a
classification accuracy of 92.59%, significantly exceeding the commonly reported thresholds
for habitat mapping. This approach, characterized by its efficiency, repeatability and adapt-
ability, aligns seamlessly with key environmental monitoring and conservation policies,
such as the Habitats Directive. By integrating advanced remote sensing with drone-based
technologies, it offers a scalable and cost-effective solution to the challenges of biodiversity
monitoring, enabling timely updates and supporting effective habitat management in
diverse and complex environments.

Keywords: phytosociology; vegetation mapping; remote sensing time series; MFPCA;
ground truthing; drone; habitat monitoring

1. Introduction
The classification and mapping of plant communities and habitats are crucial for

biodiversity monitoring and the development of conservation strategies, particularly in
Natura 2000 sites across Europe [1,2]. The 92/43/EEC Habitats Directive represents the
cornerstone of the European conservation policy, focusing on biodiversity preservation [3].
Within this framework, the phytosociological approach plays a critical role by providing a
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structured method for vegetation classification, enabling the identification and diagnosis of
natural and semi-natural habitats listed in Annex I of the Directive [4–7]. For this reason,
phytosociological mapping is of fundamental importance as it provides detailed spatial
information on habitats, helping to identify conservation priorities [8–10].

Today, vegetation phytosociological mapping benefits from the integration of machine
learning methods with remote sensing time series [9,11–13]. Platforms like Landsat, MODIS
and Sentinel provide multi-temporal, multi-spectral data that capture seasonal variations in
spectral reflectance in relation to vegetation phenological stages, which provide key infor-
mation for distinguishing different vegetation types [14–17]. The supervised classification
of multi-spectral time series data using machine learning methods allows for the creation of
accurate vegetation and habitat maps [18–22]. Despite these technological advancements,
which enhance the accuracy of habitat and vegetation mapping, certain gaps remain [23,24].
Ichter et al. [8,25] report that, while these phytosociological and habitat maps are often
highly accurate, they are rarely updated or repeated over time. This lack of continuous,
timely mapping limits the maps’ utility as a crucial monitoring tool for assessing the habitat
conservation status, fragmentation trends or signs of habitat degradation.

One of the primary obstacles to an efficient mapping process, limiting both the produc-
tion and updating of maps, is no longer the processing and analysis of satellite time series or
their classification, but rather the constraints imposed by ground truthing activities [26,27],
which are crucial for creating a reference dataset necessary for training and assessing the
effectiveness of the classification [28,29]. The success of supervised classification relies
fundamentally on the quality of this reference data, which must be exhaustive, spatially
balanced and accurately representative of the predefined vegetation classes [30–35]. Gener-
ating these data by traditional ground truthing activities (e.g., Braun-Blanquet approach)
demands considerable effort, making the comprehensive collection of reference data the
main bottleneck in phytosociological supervised mapping [9,36].

To address this challenge, drones offer an efficient and cost-effective solution for
enhancing reference data collection through “drone truthing” activities [37–39]. Their
ability to access even hard-to-reach areas, combined with the capability to capture high-
resolution RGB imagery, provides a powerful tool for identifying dominant and diagnostic
plant species at verification sites, even in complex environments [40–42]. Based on this
imagery, vegetation categories (plant communities) and habitat types, as defined by Annex I
of the Habitat Directive, will be assigned to all of the sites identified in the sampling design.

We assess the effectiveness and suitability of this methodology in Natura 2000 sites
within the Furlo Gorge, a mountainous area in central Italy characterized by high vegetation
and topographic diversity and complexity.

This study aims to enhance the efficiency of phytosociological vegetation mapping
by using the supervised classification of multi-spectral seasonal variations, integrating
on-site field verification and drone-based truthing by creating a dense, spatially balanced
reference dataset for training and validation, enhancing both the consistency and frequency
of mapping efforts.

2. Materials and Methods
In this section, we present the workflow (Figure 1) adopted to produce the vegetation

map for the area of interest through a supervised classification of seasonal spectral vari-
ations derived from a dense time series of remote sensing data. We began by collecting
time series data from the Sentinel-2 satellite, utilizing all available spectral bands. The data
for each band were transformed into continuous functions using Generalized Additive
Models (GAM). These functions were then analyzed with Functional Data Analysis (FDA),
employing a Multivariate Functional Principal Component Analysis (MFPCA). The scores
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derived from MFPCA were used as the input for machine learning methods to carry out a
supervised functional classification and generate the final map. Reference data, obtained
through ground truthing and “drone truthing” activities, were used to train the model and
validate its accuracy. Further details are provided in the subsequent sections.

Figure 1. Supervised pipeline to derive plant associations and habitat maps from Sentinel-2 time
series using Multivariate Functional Principal Component Analysis and drone truthing activities.

2.1. Study Area

The study area covers 51.95 km2 and is located along the central Apennine ridge in
the Marche Region, Italy (Figure 2). It encompasses territories within the Gola del Furlo
State Nature Reserve and the Natura 2000 sites, specifically the Special Protection Area
(SPA) “Furlo” (IT5310029) and the Special Area of Conservation (SAC) “Gola del Furlo”
(IT5310016). The area features significant topographical variation with predominantly
calcareous bedrock. It includes Monte Pietralata (888 m) to the north and Monte Paganuccio
(974 m) to the south, divided by a narrow gorge carved by the Candigliano River. The
mean annual precipitation in the area ranges from 950 to 1180 mm, and the mean annual
temperature varies between 10.5 ◦C and 13.5 ◦C. According to the bioclimatic classification
by Rivas-Martinez et al. [43], the area belongs to the temperate macro bioclimate with a
weak sub-Mediterranean level, which indicates low summer aridity in areas below 600 m
in altitude [44]. The vegetative landscape is predominantly characterized by forests and
summit meadows.
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Figure 2. Study area: (a) overview of the study area on a regional scale. (b) Reference data overlaid
on the Digital Elevation Model, marking the boundaries of the Gola del Furlo State Nature Reserve
(in black), the Special Protection Area (SPA) “Furlo” (code: IT5310029) (in blue) and the Special Area
of Conservation (SAC) “Gola del Furlo” (IT5310016) (in red). (c) Entry points to the Furlo Gorge, with
Mount Paganuccio to the left and Mount Pietralata to the right.

2.2. Target Classes and Reference Data (Ground Truthing and Drone Truthing)

The target mapping classes, listed in Table 1, represent physiognomic vegetation
types based on the dominant plant species and habitats defined by Directive 92/43/EEC.
Table A1 provides details on the corresponding plant associations, identified using the
Braun-Blanquet method [45]. In most cases, each physiognomic vegetation type corre-
sponds to a single plant association, while some, such as holm oak and black hornbeam
forests, encompass multiple associations.

To create a spatially balanced reference dataset, a randomized sampling design was im-
plemented using the R package “spsurvey” (version 5.5.1) [46]. A total of 1,118 points/plots
were randomly positioned within the study area (Figure 2b). Each point requires the assign-
ment to one of the vegetation mapping classes from Table 1, based on the most abundant
dominant species. Relying solely on field verification to assign mapping classes to each
plot would be time-consuming and, occasionally, impractical due to the inaccessibility
or hazardous conditions of the locations. To enhance the efficiency of the assignment
process, we have introduced a verification method that utilizes high-resolution images
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from drone surveys. High-resolution visible imagery was captured using a 20-megapixel
camera equipped with a 1-inch CMOS sensor mounted on a DJI Air 2S drone. This drone
has a Maximum Takeoff Mass (MTOM) of 595 g, a maximum battery life of 30 min and a
GNSS positioning system that ensures a horizontal hovering accuracy ranging from ±0.1 m
to ±1.5 m.

The flight operations were manually controlled for the navigation to the verification
sites and to reach them at a vertical distance of about 5 m from the canopy, using the drone’s
obstacle detection sensors. Once in position, the drone hovered and took five photos: one
nadir view and four shots in the cardinal directions. Preliminary tests have shown that
these five high-resolution photos allow botanists to identify the most abundant species
and assign the site to one of the target vegetation categories for the mapping of Table 1.
Subsequently, the drone is raised by about 20 m to take a wider panoramic shot from
approximately 25 m above the canopy, providing a sixth photo with an overall view of the
area (Figure 3).
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Figure 3. Drone photo acquisition at each survey point. Initially, an overhead photo (a) is captured
from high above the canopy. This is followed by a close-range shot (b), providing a detailed view.
Here, Ostrya carpinifolia is prominently visible. At this lower altitude, photos are taken in the four
cardinal directions (north, east, south, and west) for species abundance estimation. Both photos were
captured on 6 July 2022.
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Table 1. Reference data. Target classes for the supervised map are listed. For physiognomic types,
we report the dominant plant species and the corresponding habitat code (Annex 1 of the European
Union Habitats Directive). The * denotes a priority habitat. In the case of 6210, it is an important
orchid site (*). The habitats listed in square brackets are included in a mosaic pattern and/or are
sporadically present within the reference category.

Label Vegetation Types Habitat Code Plots

Woodland
O Black hornbeam wood - 278
Q Downy-oak wood 91AA * 150
R Pinus sp. plantations - 136
L Holm-oak wood 9340 94
F Beech wood 9210 * 34

SP Black poplar riparian wood 92A0, [3270, 3280, 6430] 35
SAL White willow riparian wood 92A0, [3270, 3280, 6430] 15

Shrublands
GI Spartium junceum shrub - 60
JO Juniperus oxycedrus shrub - 20
JC Juniperus communis shrub 5130 16
AR Salix eleagnos riparian shrub [3270, 3280, 6430, 92A0] 26

Grasslands
B Bromus erectus grassland 6210 *, [6110 *, 6220 *] 71

Garrigues and chasmophytic vegetation

GA Artemisia alba and Satureja
montana garrigues [6110 *, 6220 *] 57

PA Vegetation of rocky slopes [8210, 9340] 25

Other

CO Crop land and post-crop
vegetation - 77

AV Riverbed [3270, 3280] 24

TOT 1118

For easily interpretable categories such as cropland, coniferous plantations and urban
areas, which do not require field verifications or the use of high-resolution drone imagery,
the target mapping classes were determined using high-resolution satellite images avail-
able on Google Earth [47]. The reference data are detailed in Table 1, while their spatial
distribution is depicted in Figure 2b.

2.3. Vegetation Mapping by Supervised Functional Classification of Remote Sensing Time Series
2.3.1. Sentinel-2 Time Series and Functional Data Analysis (FDA)

We utilized 234 Sentinel-2 images for the period of 2019–2021 to generate multivariate
(multispectral) weekly pixel-based time series for the entire study area, encompassing
roughly 560,000 pixels. From all the available Sentinel-2 images, only the pixels affected by
clouds, cloud shadows and snow were excluded, while the remaining clear observations
were filtered to remove outliers and to estimate mean weekly smoothed and gap-filled time
series using Generalized Additive Models (GAM) [48], as described by Balestra et al. [49]
and Pesaresi et al. [50]. GAMs are advantageous as they do not require measurements
to be uniformly distributed, which is beneficial since clouds and other data issues can
cause random gaps in the data [51]. The GAM-smoothed and gap-filled time series were
applied to the Sentinel-2 bands B2, B3, B4, B5, B6, B7, B8*, B11 and B12 (details on the
Sentinel-2 bands can be found from the European Space Agency) [52]. Through this
process, the original discrete time series of Sentinel-2 imagery were transformed into
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regular weekly multispectral functions, representing seasonal variations for each pixel.
These data were analyzed using a Multivariate Functional Principal Component Analysis
(MFPCA), a technique that effectively captures joint variations among the functions. An
MFPCA decomposes the data into a set of orthogonal multivariate functional principal
components, or modes of functional variation (multivariate eigenfunctions), each associated
with the corresponding eigenvalues and Multivariate Functional Principal Component
(MFPC) scores. Unlike traditional multivariate methods, such as PCA, which treat data
as independent observations, MFPCA leverages the fundamental philosophy of FDA by
treating time series as single entities, explicitly preserving their temporal structure [53–55].

2.3.2. Topographic Features

Topographic features play a significant role in shaping vegetation distributions. Stud-
ies like that by Marcinkowska-Ochtyra et al. [56] has shown that incorporating these
features alongside seasonal spectral variations can enhance the accuracy of supervised
vegetation mapping. To this end, several topographic features were derived from the
Digital Elevation Model (DEM) “TINITALY” [57], including altitude (m a.s.l.), slope (◦), the
Topographic Wetness Index (TWI), the Topographic Position Index (TPI) and the Diurnal
Anisotropic Heat (DAH). To reduce redundancy and improve interpretability, these features
were processed using a classical Principal Component Analysis (PCA).

2.3.3. Supervised Classification and Accuracy Evaluation

The Random Forest (RF) classifier, widely used in habitat mapping studies involving
remote sensing data [58], was employed for the supervised vegetation mapping. Spectral
seasonal variations (MFPC scores) and topographic characteristics (PCA scores) served
as input predictors, with Recursive Feature Elimination applied to retain only the most
significant features. To address the common issue of class imbalance in training and
validation datasets, which can bias results and lead to the over-prediction of majority
classes [18,59] the RF classifier was configured to use down-sampling. The model accuracy
was assessed using overall accuracy (OA), producer accuracy (PA) and user accuracy (UA)
metrics [60,61]. To ensure robust estimates and minimize bias, we implemented a 10-fold
cross-validation repeated five times, resulting in a cross-validated confusion matrix.

For the supervised vegetation mapping workflow, several R packages were utilized
as follows: sen2r (version 1.6.0) [62] for downloading Sentinel-2 images, raster (version
3.3-13) [63] for image processing, forecast (version 8.12) [64,65] and mgcv (version 1.8-33) [48]
for constructing smoothed functions and MFPCA (version 1.3-6) [53] for decomposing and
reducing the multivariate functional space. The Random Forest (RF) models and accuracy
assessments were carried out using the R package caret version 6.0.86 [66].

3. Results
Figure 4a shows the weekly smoothed functions of seasonal variations across the

spectral bands for each pixel in the study area. Using these functions, the MFPCA extracted
the main components (MFPC components), or the principal orthogonal modes, of temporal
variation throughout the year (Figure 4b). The proportion of variance explained by the
identified functional components (eigenvalues) is reported in Figure A1. Figure 4b illus-
trates the temporal patterns of the first three MFPC components, which, together, account
for 85.51% of the total variation.

The first component (MFPC1), which accounts for 48.55% of the total variation, dis-
tinguishes pixels with below-average reflectance values in bands B3, B4, B5, B11 and B12
throughout the year from those with above-average reflectance values. The second compo-
nent (MFPC2), explaining 26.78% of the total variation, contrasts pixels with below-average
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reflectance values in bands B6, B7 and B8 during the spring and summer months with those
exhibiting significantly above-average reflectance values. The third component (MFPC3),
accounting for 10.16% of the total variation, captures a pattern primarily occurring in winter
for bands B6, B7 and B8, and during spring, summer and autumn for the other bands.
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Figure 4. Graphical representation of the main findings from the Functional Data Analysis applied
to the multispectral weekly time series of the Furlo area. (a) Seasonal profiles for all of the pixels in
the study area, with the columns representing the nine Sentinel-2 bands analyzed. (b) The first three
MFPCA components. The influence of these components on the overall means of the nine selected
time series (depicted by the black line) is shown by adding (red line) or subtracting (blue line) a
multiple (e.g., the median of the scores) of each principal functional component. (c) MFPCA ordination
space based on the top three MFPCA components, enabling comparisons between vegetation types.
The spider diagram illustrates the relationship between MFPC components and vegetation types,
with the labels corresponding to Table 1.

Figure 4c illustrates the reduced MFPCA ordination (phenological) space defined by
the scores of the first three MFPC components. The overlay of target classes, represented
as spider plots, reveals that each class occupies a distinct sector of the ordination space,
indicating clear differences in their seasonal behaviors throughout the year. These behaviors
are related to variations across the spectral bands and are further detailed by the mean
multispectral seasonal profiles shown in Figure 5.
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Figure 5. Seasonal temporal profiles of the target classes across various spectral bands correspond to
the 1118 reference data points. The bold red line represents the mean vegetation band variation. The
red polygon shows the 10th–90th percentile range. The black line represents the mean vegetation
band variation for the entire study area. The row acronyms denote the plant associations and habitats
listed in Table 1, while the columns refer to the different Sentinel-2 bands.

The supervised Random Forest (RF) classification of seasonal spectral variations
(MFPC scores), combined with the topographic characteristics (PC scores), achieved an OA
of 92.59% and the vegetation map obtained is presented in Figure 6. The confusion matrix
(Table 2) indicates that the PA ranges from 73.3% to 97.3%, while the UA varies between
83.3% and 100%. The five most important predictors for the Random Forest model, ranked
by the Mean Decrease Accuracy index, are as follows: MFPC2 (100.00%), MFPC1 (67.07%),
MFPC4 (65.84%), MFPC7 (37.86%) and MFPC3 (23.96%). These predictors were extracted
through an MFPCA from weekly smoothed multispectral seasonal variations. When
Random Forest was applied exclusively to the seasonal spectral variations, it achieved an
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OA of 91.19%. Conversely, applying the Random Forest solely to topographic features
resulted in an OA of 61.63%.
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Figure 6. Vegetation and habitats map of study area: the map was obtained by the supervised random
forest classification of the main seasonal remotely sensed phenological variations, as well as the main
topographic predictors. The legend acronyms correspond to the plant associations and habitats listed
in Table 1. The boundaries of the Gola del Furlo State Nature Reserve are outlined in black, that of the
Special Protection Area (SPA) “Furlo” (code: IT5310029) are outlined in blue, and that of the Special
Area of Conservation (SAC) “Gola del Furlo” (IT5310016) are outlined in red.

Table 2. Cross-validated confusion matrix (10-fold, repeated five times) between the predicted target
classes of the study area. The overall accuracy (OA), producer accuracy (PA), user accuracy (UA),
and K statistic are given. The row and column acronyms denote the plant associations and habitats
listed in Table 1.

Reference Data

AR AV B CO F GA GI JC JO L O PA Q R SAL SP UA

Pr
ed

ic
ti

on

AR 2.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 94.0
AV 0.0 2.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0
B 0.0 0.0 5.8 0.2 0.0 0.4 0.1 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 88.8

CO 0.0 0.0 0.1 6.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 98.3
F 0.0 0.0 0.0 0.0 2.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0

GA 0.0 0.0 0.3 0.2 0.0 4.5 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 89.3
GI 0.0 0.0 0.1 0.0 0.0 0.0 4.8 0.2 0.0 0.0 0.0 0.0 0.0 0.2 0.0 0.0 91.5
JC 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100.0
JO 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 1.5 0.0 0.0 0.0 0.0 0.2 0.0 0.0 83.3
L 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 7.9 0.1 0.1 0.0 0.2 0.0 0.0 95.6
O 0.1 0.0 0.0 0.2 0.2 0.0 0.1 0.0 0.0 0.4 24.2 0.0 1.3 0.1 0.1 0.1 90.4
PA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.1 0.0 0.0 0.0 0.0 98.3
Q 0.0 0.0 0.0 0.1 0.0 0.1 0.1 0.0 0.3 0.0 0.5 0.0 12.0 0.0 0.0 0.0 91.8
R 0.0 0.0 0.1 0.0 0.0 0.0 0.3 0.2 0.0 0.2 0.0 0.0 0.0 11.6 0.1 0.0 93.5

SAL 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 1.0 0.0 91.7
SP 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 2.9 93.1

PA 96.2 93.3 91.3 90.4 94.1 87.7 89.3 75.0 85.0 93.4 97.3 93.6 89.5 95.1 73.3 92.6
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Table 2. Cont.

Reference Data

AR AV B CO F GA GI JC JO L O PA Q R SAL SP UA

OA 92.59 (±2.21)

K 0.91 (±0.02)

4. Discussion
4.1. Main Results

The integration of drone truthing with the supervised classification of seasonal spectral
variations enabled the production of a highly accurate vegetation and habitat map, achiev-
ing an OA of 92.59%. This significantly exceeds the 80% threshold, a benchmark rarely
reached in remote sensing for habitat mapping [67]. This result is particularly noteworthy
given the large number of target classes (16 in the study area), especially considering
that accuracy often decreases as the number of mapping categories increases [9,68–70].
The effectiveness and efficiency of this methodology offer promising opportunities for
detailed and reliable vegetation and habitat mapping. It allows for regular updates and the
repetition of mapping efforts, even in large or complex areas, resulting in significant time
and cost savings. This makes it a valuable tool for monitoring vegetation dynamics and
assessing the conservation status of habitats [8].

The drone truthing activities allowed for the following: (i) the acquisition of high-
resolution images, which are useful for botanists to identify dominant plant species and
assign each survey area to one of the mapping categories listed in Table 1; and (ii) the
strict adherence to a plot-based sampling design (Figure 2b). These two features facilitated
the creation of a dense and spatially balanced reference dataset that is highly represen-
tative of the spectral variability of vegetation, including areas that are difficult to access
(Figure 7), all within a short timeframe. This would be difficult to achieve with traditional
methods [9,71–73].
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The high map accuracy achieved demonstrates that the high quality of the reference
data significantly contributed to the optimal training of the classifier. It also highlights the
substantial informational value of seasonal multispectral remote sensing variations, linked
to the different phenological stages of vegetation, in ensuring accurate mapping [14–17,74].
The Random Forest identified both the seasonal variations with a higher explained variance
(MFPC1, MFPC2) and those with a lower variance (e.g., MFPC7, MFPC4) as important.

Seasonal spectral variations contributed significantly more to the OA than topographic
features, aligning with the findings by Zhu and Liu [75], Barrett et al. [76], Marcinkowska-
Ochtyra et al. [56] and Rapinel et al. [15]. However, topographic predictors proved crucial
for certain classes, such as riparian woodlands, located in complex terrains like the Furlo
Gorge. In these areas, spectral variations can be distorted, making topographic data
essential for achieving accurate classification.

4.2. Benefits for Habitat Directive, Phytosociology, and Landscape Management

The use of the reference data obtained through drone truthing resulted in a higher
OA (92.59%) compared to similar studies using the same classification methodology but
relying solely on the reference data collected through traditional ground truthing. A key
achievement is the successful classification of specific categories of notable interest within
Annex I of the Habitats Directive, such as the downy oak woodland, a priority habitat
(91AA*), with a PA of 89.5% and a UA of 91.8%, distinguishing it from the hornbeam
woodland (PA 97.3% and UA 90.4%). These categories, previously misclassified [18,19,50],
showed improvement thanks to a denser and more balanced reference dataset, collected
using drone truthing rather than traditional ground truthing methods.

The ability to produce accurate, up-to-date, and repeatable vegetation and habitat
maps with significant time and cost savings opens new avenues for landscape monitoring
and habitat management [77,78]. This approach aligns with the requirements of European
environmental policies, such as the Habitats Directive, which mandate updates every six
years [3]. By enabling continuous habitat monitoring, this approach facilitates diachronic
analyses of data collected through consistent methodologies, making it possible to eval-
uate the long-term impacts of conservation policies and implement targeted, adaptive
interventions. From this perspective, the methodology could prove particularly valuable
within the framework of the Nature Restoration Law [79], which aims to restore at least
20% of the degraded habitats by 2030, both in identifying areas that are more sensitive to
change and in monitoring and evaluating the effectiveness of interventions (e.g., shrub and
grass encroachment in grasslands of habitat 6210) [80–83]. For this purpose, drone-based
imagery serves as an invaluable tool for documenting the environmental changes over time,
creating a high-resolution photographic archive [41] of vegetation categories to support
precise habitat assessments and restoration efforts.

In addition, it should be highlighted that the Sentinel-2 time series, expressed as
weekly multispectral seasonal smoothed functions and analyzed with MFPCA, offer a
compact and parsimonious model with graphically interpretable results. This approach
enhances the understanding of key seasonal variations and phenological behaviors across
vegetation types and habitats (e.g., Figures 4 and 5).

These insights assist botanists and ecologists in analyzing the relationships between field ob-
servations and remotely sensed data. Additionally, they complement species-based approaches
in plant community ecology and phytosociology, such as the Braun-Blanquet method [82–85].

4.3. Limits and Future Works

Despite the significant advantages offered by drone-based truthing activities in this
study, some limitations were encountered that, if addressed, could make the processes
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even more efficient and accurate. One limitation was related to the drone’s specifications.
For example, the lack of a precise distance estimation system and optical zoom capability
required close flyovers for detailed species identification. While high-resolution images
were obtained, the ground sample distance (GSD) likely varied because a constant vertical
distance from the canopy could not be ensured. This resulted in the absence of a fully
standardized procedure [86]. However, these limitations can be addressed by using drones
with more advanced equipment [41], enabling a precise and standardized protocol that
would enhance data collection efficiency, safety and the reliability of analysis, improv-
ing result robustness and comparability. Another limitation encountered during drone
operations was the difficulty of maintaining a Visual Line of Sight (VLOS) in areas with
complex terrain morphology, which can obstruct visual contact and disrupt the drone’s
radio signal. These obstacles necessitated frequent changes in the take-off point, resulting
in significant time delays and increased battery consumption. To address this, pre-survey
visibility analyses using a digital terrain model would help to identify optimal take-off
locations, allowing for the coverage of the maximum number of points with a single launch,
thereby ensuring safer and more efficient operations.

5. Conclusions
In conclusion, the results of this study demonstrate that our approach improves the

efficiency of supervised phytosociological mapping by addressing a critical challenge in the
field: the collection of high-quality reference data [9,36]. While traditional ground-based
verification methods (e.g., the Braun-Blanquet approach) require significant efforts and are
often unfeasible, this approach helps to bridge the gap between intensive field surveys and
remotely sensed data [87], making it valuable for supervised vegetation mapping using
remotely sensed time series.

The ability to generate reproducible, updatable and comparable maps opens new
opportunities for continuous vegetation and habitat monitoring, offering valuable tools
for predicting and managing changes. This can provide critical information to managing
authorities and improve landscape conservation practices [8].

Traditional phytosociological knowledge, which is collected with significant effort
in the field, remains a fundamental aspect of vegetation mapping, especially when it is
effectively spatialized and updated over time. For this reason, we consider drone-based
ground-truthing activities not as a replacement for traditional methods, such as the Braun-
Blanquet approach, but as a complementary tool. Much like a botanist uses a hand lens to
examine diagnostic features or a spade to collect a specimen, drones provide an additional
means to enhance fieldwork. They enable botanists and phytosociologists to efficiently
identify diagnostic species and assign plots to vegetation types that would otherwise be
difficult or impossible to access, especially in complex landscapes like the one studied here,
where traditional methods alone would be insufficient [38,40,41,88].

Finally, to further enhance the efficiency of this method, future studies could explore
the integration of AI, deep learning and machine learning techniques for automated species
recognition and abundance estimation [89–93]. These advancements could optimize the cre-
ation of reference data, particularly by expediting the assignment of plots to target mapping
categories, thereby improving the overall speed and accuracy of the mapping process.
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Figure A1. Proportion of variance explained by the identified functional components (eigenvalues).
The bar plot shows the proportion of variance explained by each principal component, with the
cumulative variance illustrated by the red line. The first three components individually explain
48.55%, 26.79%, and 10.17% of the variance, respectively, accounting for a combined total of 85.51%
of the variance. Collectively, the first 10 components account for 97.40% of the total variance.

Table A1. Target classes of the reference data with corresponding plant associations (syntaxa name).
In most cases, each physiognomic vegetation type corresponds to a single plant association (e.g., beech
wood), while some, such as holm oak and black hornbeam forests, encompass multiple associations.

Label Vegetation Types Plant Associations

Woodland

O Black hornbeam wood
Scutellario columnae-Ostryetum carpinifoliae;
Asparago acutifoliii-Ostryetum carpinifoliae;
Anemono trifoliae-Ostryetum carpinifoliae

Q Downy-oak wood Roso sempervirentis-Quercetum pubescentis;
Cytiso sessilifolii-Quercetum pubescentis

R Pinus sp. plantations Coniferous plantings (Pinus ssp.,
Cupressus ssp., Hesperocyparis ssp.)
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Table A1. Cont.

Label Vegetation Types Plant Associations

L Holm-oak wood Cyclamino hederifolii-Quercetum ilicis;
Cephalanthero longifoliae-Quercetum ilicis

F Beech wood Lathyro veneti-Fagetum sylvaticae
SP Black poplar riparian wood Salici albae-Populetum nigrae

SAL White willow riparian wood Rubo ulmifolii-Salicetum albae

Shrublands

GI Spartium junceum shrub Spartio juncei-Cytisetum sessilifolii var. a
Spartium junceum

JO Juniperus oxycedrus shrub Spartio juncei-Cytisetum sessilifolii var. a
Juniperus oxycedrus

JC Juniperus communis shrub Juniperetum oxycedri-communis
AR Salix eleagnos riparian shrub Salicetum elaeagni

Grasslands

B Bromus erectus grassland

Brizo mediae-Brometum erecti;
Asperulo purpureae-Brometum erecti;
Helianthemo apenninae-Festucetum

circummediterraneae;

Garrigues and chasmophytic vegetation

GA Artemisia alba and Satureja montana garrigues Potentillo arenariae-Artemisietum albae;
Cephalario leucanthae-Saturejetum montanae

PA Vegetation of rocky slopes Moehringio papulosae-Potentilletum caulescentis;
Saxifrago australis-Trisetetum bertolonii

Other

CO Crop land and post-crop vegetation
Agricultural crops (sowings, alfalfa and

production tree plantations) and
post-harvest crops

AV Riverbed
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