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Abstract: Remote Sensing (RS) is a useful tool for detecting and mapping Invasive Alien Plants
(IAPs). IAPs mapping on dynamic and heterogeneous landscapes, using satellite RS data, is not
always feasible. Unmanned aerial vehicles (UAV) with ultra-high spatial resolution data represent a
promising tool for IAPs detection and mapping. This work develops an operational workflow for
detecting and mapping Acacia saligna invasion along Mediterranean coastal dunes. In particular,
it explores and tests the potential of RGB (Red, Green, Blue) and multispectral (Green, Red, Red
Edge, Near Infra—Red) UAV images collected in pre-flowering and flowering phenological stages
for detecting and mapping A. saligna. After ortho—mosaics generation, we derived from RGB
images the DSM (Digital Surface Model) and HIS (Hue, Intensity, Saturation) variables, and we
calculated the NDVI (Normalized Difference Vegetation Index). For classifying images of the two
phenological stages we built a set of raster stacks which include different combination of variables.
For image classification, we used the Geographic Object-Based Image Analysis techniques (GEOBIA)
in combination with Random Forest (RF) classifier. All classifications derived from RS information
(collected on pre-flowering and flowering stages and using different combinations of variables)
produced A. saligna maps with acceptable accuracy values, with higher performances on classification
derived from flowering period images, especially using DSM + HIS combination. The adopted
approach resulted an efficient method for mapping and early detection of IAPs, also in complex
environments offering a sound support to the prioritization of conservation and management actions
claimed by the EU IAS Regulation 1143/2014.
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1. Introduction
Invasive alien plants (IAPs) are non–native species introduced by humans into a
natural system outside of their native range and have become a global conservation concern,
representing one of the major threats to biodiversity and demanding costly monitoring
and control programs [1–4]. IAPs cause considerable changes in native ecosystems [5,6]
by altering taxonomic biodiversity (e.g., species richness and abundance) [7,8] as well as
phylogenetic and functional diversity [9,10]. IAPs invasions degrade habitat quality also
by interfering with biogeochemical processes and nutrient cycling [11,12]. Furthermore,
biological invasions severely impinge ecosystem services and human health [6,13,14], also
causing great economic loss [15].
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In this context, the European Commission promulgated the Regulation on invasive
alien species (the (EU 1143/2014 IAS Regulation) providing a normative frame to prevent,
minimize and mitigate the negative impacts of IAS introduction and spread on biodiversity
and related ecosystem services. According to the IAS Regulation, Member States are
committed to implement specific actions of monitoring and surveillance aimed at detecting
invasive species into non-native regions. The Regulation provides a list of IAS (both animals
and plants) that must be carefully monitored through a dedicated surveillance system
and subjected to management actions aimed at eradicating, containing or controlling
their populations [16].
Early detection and mapping of IAPs is one of the most effective tools to deal with
biological invasions [17,18]. Remote Sensing (RS), offering the possibility of repetitive
and standard surveys, has a great potential for understanding invasion patterns, process
and impacts [19], simplifying IAPs detection and mapping [20–22]. RS can integrate and
improve IAPs monitoring methods traditionally based on field sampling and photointerpretation of aerial ortho—photographs, which often present excessive costs, require
time—consuming procedures, and could overlook IAPs presence on remote or interdicted
areas [23,24]. RS, providing reproducible data covering wide areas with high spatial, spectral and temporal resolutions, could represent a sound support for IAPs detection and
accurate mapping [22,25,26].
New methodologies for IAPs detection and monitoring based on satellite and airborne
remote sensing data have been proposed supported by the growing availability of imagery
acquired by both, public and private satellites (e.g., Sentinel, Landsat, ASTER, PlanetScope,
Pleiades, WorldView, GeoEye, AVIRIS, CASI, HyMap, etc.) [22,26,27]. Still, the identification and mapping of invasive plants on complex and dynamic environments using satellite
and airborne remote sensing products could be difficult because of limits on spectral [19]
or spatial resolution [26] and due to the high cost of remote sensing equipment required
for improving such resolutions (i.e., airplanes equipped with hyperspectral sensor) [19].
Over the last years, the decreasing cost of Unnamed Aerial Vehicle (UAV) technology,
has favored its use in many remote sensing applications, including IAPs mapping [28–30].
UAVs provide a flexible data acquisition of ultra—high spatial and temporal resolution
data at low costs [31]. UAVs allow the operator to choose among different types of sensors (i.e., RGB, multispectral, etc.), to select the best flight conditions (illumination, wind
speed, etc.) and to repeat the flights over the invaded area in different time periods. In particular, the selection of the optimal period for collecting remote sensed data could be crucial
for detecting those IAPs characterized by a different phenology (e.g., flowering bloom,
vegetative period, fruits production, etc.) compared to that of natural vegetation [32].
A. saligna (Labill.) H. Wendl. is a fast—growing evergreen small tree, native from the
Western Australia [33] and introduced on South Africa, North Africa and Mediterranean
coasts [34] as fodder [35,36], for dune stabilization and windbreak [37,38] and for ornamental purposes [39]. A. saligna is one of the most dangerous IAPs threatening coastal dune
ecosystems [18,40,41], and has been recently included in the list of invasive alien species of
European concern (IAS Regulation 1143/2014).
In invaded landscapes, A. saligna forms dense monospecific evergreen parches [42]
characterized by a huge spring blooming [43,44]. It produces seeds in large numbers
which can remain dormant in the soil for a long time [45,46]. Its inflorescences are relatively precocious, producing round, bright yellow flowers at times even in the first year
after germination [47,48].
Recent research aimed at detecting and mapping A. saligna has been done using
multispectral and hyperspectral images captured by satellite and airborne systems with
high spatial resolution, ranging from 10 to 2 m [49,50]. Previous work evidenced the
usefulness of RGB and/or multispectral UAV images for mapping other species of the
genus Acacia on savannas ecosystems [51], sclerophillous forests in south America [24,52],
and on Atlantic coastal dunes [43], obtaining highly accurate results. Yet, the potential of
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UAV images collected during the blooming period for mapping A saligna on Mediterranean
coastal dunes needs to be further explored.
In consideration of the above, the overall objective of the present work is to develop
an operational workflow to detect and map the invasive alien species A. saligna using UAV
data, in order to propose a general and reproducible methodological framework to support
the monitoring, conservation and management actions as defined by the EU IAS regulation.
In particular, this work aims to explore and test the potential of RGB (Red, Green, and
Blue) and multispectral (Green, Red, Red Edge, Near Infra-Red) UAV images collected
in pre-flowering and flowering phenological stages for detecting and mapping A. saligna
invasion on a complex and dynamic mosaic as coastal dunes. To summarize, the specific
objectives are: (i) to determine the suitability of RGB and multispectral images to map A.
saligna, (ii) to identify the optimal combination of bands, indices and derived variables and
(iii) to assess if the accuracy of the classification increases when images acquired during
the flowering period were used.
Accurate detection and mapping of IAPs should offer a new support to the prioritization of conservation and management actions claimed by the EU IAS regulation.
2. Materials and Methods
2.1. Study Area and Target Species
The study area includes a tract of Mediterranean coastal dunes located on the Adriatic
coast of Central Italy (Molise region; Figure 1). It consists of approximately 11 ha of recent
coastal dunes (Holocene) occupying a narrow strip parallel to the seashore [53,54] and
is included in a Special Area of Conservation (SAC, Habitat Directive 92/43/EEC; Foce
Trigno–Marina di Petacciato IT7228221) and it is part of a Long—Term Ecological Research
site [55,56]. The presence within the study area of a Long—Term Ecological Research site
(LTER, http://www.lter-europe.net/ (accessed on 21 August 2021)), gathering a valuable
amount of long—term ecological data represents an excellent training ground to develop
methodologies able to evaluate invasion processes at present and over time [57].

Figure 1. (a) In red the study area (WGS 84 UTM 33 N EPSG: 32633) included in the SAC and LTER site: Foce Trigno–Marina
di Petacciato (IT7228221, https://deims.org/1835cda2-b56d-400a-b413-ab5c74086dc5 (accessed on 21 August 2021)). (b)
The RGB orthomosaic of study area acquired during the flowering phenological stage (26 April 2021).
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It hosts the typical sea–to–inland vegetation zonation ranging from pioneer annual
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2.2.1. UAV Image Acquisition and Orthomosaicking
A multirotor quadcopter DJI Phantom 4 Pro V2.0 was used to collect the aerial images
during A. saligna pre-flowering (17 February 2021) and flowering periods (26 April 2021,
Figure 2). This UAV is equipped with the CMOS (Complementary Metal Oxide Semiconductor) sensor, a Red–Green–Blue (RGB) camera with 20 Mpx and 24 mm of Equivalent
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Focal Lengt (EFL), and in addition, we equipped the UAV with the Parrot Sequoia multispectral camera with four bands, each with 1.2 Mpx and EFL of 30 mm: Green (G,
bandwidth: 550 nm ± 40 nm); Red (R, bandwidth: 660 nm ± 40 nm), Red Edge (RE,
bandwidth: 735 nm ± 10 nm), and Near Infrared (NIR, bandwidth: 790 nm ± 40 nm).
The freeware mobile application Pix4Dcapture (version 4.11.0 for Android, https:
//www.pix4d.com/product/pix4dcapture (accessed on 21 August 2021)) was used for
flight planning. To obtain standardized data, we used the same settings for all flights
performed. The flights’ altitude was set at 50 m relatively to the take-off point, at a 5 m/s
speed; all the flights were made between 10:00 a.m. and 12:00 a.m. Finally, the images
overlap was set to 80% for both forward and side overlaps. For the setting of the Parrot
Sequoia camera, we used the dedicated HTML interface, accessible by connecting the
camera to the smartphone via Wi–Fi. We have entered the same flight altitude and image
overlap values as previously described (for Pix4Dcapture application) within the HTML
interface. The two sensors captured images simultaneously during the flights; the CMOS
sensor is trigged by Pix4Dcapture, while Parrot Sequoia camera by HTML interface.
Before the flights, we positioned 12 Ground Control Point (GCPs) target of 50 cm2
over the flight area. GCPs coordinates (longitude, latitude, and altitude) were measured
using a high accuracy GNSS receiver (Trimble R2) connected to the HxGN SmartNet GNSS
positioning services for RTK (nearest) correction with nominal and estimated horizontal
accuracies of 1 and 7 cm respectively.
All aerial images were processed using a Structure for Motion approach (SfM) by
Agisoft Metashape Professional (version 1.6.2, https://www.agisoft.com/ (accessed on
21 August 2021)). We produced, for each flight, the RGB orthomosaic and Digital Surface
Model (DSM) using the aerial images derived by RGB sensor, and the orthomosaics of G,
R, RE, and NIR bands by aerial images of multispectral sensor. We georeferenced these
data by the coordinates of GCPs [61,62]. The spatial resolutions of the pre-flowering and
flowering periods were of 1.5 cm in the RGB orthomosaics, of 2.5 cm in DSMs, and of 5 cm
in the four multispectral bands.
2.2.2. Pre-Processing and Variables Extraction
First, we resampled the RGB orthomosaic and the DSM to the coarser spatial resolution
of multispectral images (5 cm) using a bilinear resampling algorithm [63]. In order to
improve the spectral resolution of the RGB images we considered Hue, Intensity and
Saturation metrics (HIS) [64–66] using the i.rgb.his tool implemented in GRASS GIS 7.8 [67].
As hue refers to the dominant wavelength of light inside the pixel, intensity refers to the
total brightness of a colour measured as the relative degree of black or white, and saturation
refers to the purity of the colour defined as the absence of mixture in a completely saturated
pixel with no other frequencies [68–70].
Then, we derived from the multispectral orthomosaic the Normalized Difference
Vegetation index (NDVI) as follows Equation (1) [71]:
NDVI =

N IR − R
N IR + R

(1)

This vegetation index is widely considered as a proxy of photosynthetic biomass and
productivity and it has been successfully used for IAPs mapping [19]. Since the remote
sensed variables have different units of measurement and thus would potentially affect the
classification results, we standardised the bands values from 0 to 255 [72,73]. Lastly, we
created for image classification a set of stacks including the following combinations of variables: (i) DSM + RGB (ii) DSM + HIS; (iii) DSM + RGB + NDVI and (iv) DSM + HIS + NDVI.
The pre—processing procedures were applied to the images acquired in the pre-flowering
and flowering periods separately, building four raster stacks in pre-flowering period and
four raster stacks in the flowering period (eight raster stacks) for classification.
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2.2.3. Geographic Object—Based Image Analysis and Classification
To detect and map A. saligna invaded areas and natural vegetation along the analysed
coastal landscape we adopted a Geographic Object—Based Image Analysis approach
(GEOBIA) [74–76], followed by Random Forest classification procedure that was repeated
for each of the 8 RS variables stacks built in the previous step. GEOBIA consists of image
segmentation based on the raster stack information. These segments are the basic units for
classification, and they consist in homogeneous regions [75,77,78].
Image segmentation was performed using the Large Scale Mean Shift (LSMS) algorithm implemented in the open–source software Orfeo Toolbox [79,80]. The LSMS is a
non–parametric and iterative clustering algorithm grouping image regions by spatial and
spectral closeness into homogenous segments [78,81]. For implementing LSMS we fixed
three parameters: Spatial Radius (sr) defined the maximum spatial Euclidean distance
between pixels to cluster in the same polygon; Range Radius (rr), the maximum Euclidean
spectral distance between pixels to cluster in the same polygon; Minimum Segment Size
(ms) the minimum number of pixels per segment to define a polygon. We adopted different combinations of these parameters by tuning them at 5 steps intervals and after an
accurate visual inspection we chose the following combination: sr = 5 m., rr = 5 m. and
ms = 100 pixels.
Then, for each segmented image we selected 2915 random segments (which correspond to the ~2% of the total segments) and we classified them by visual interpretation of
RGB orthomosaics in A. saligna invaded class (305 polygons) and not invaded vegetation
class (2610 polygons). We used a threshold rule of 50% cover for the determination of classes.
The random selection of segments ensures a representative sample of classes occurring in
the landscape [82]. These segments (invaded and not invaded) were split in two datasets
(including the 70% and the 30% of segments) following a random stratified sampling
approach and used for training and for testing procedures (accuracy assessment) [83–85].
Classification and mapping of A. saligna (using the pre-flowering or flowering images) were performed using random forest (RF) which is an ensemble machine learning
algorithm that operates by constructing a large number of decision trees to generate classifications and spatial predictions [86–88] and that is particularly effective for RS supervised
classification [89–91]. RF classification parameters were selected by running on the training
data 10-fold cross validation series using the “caret” R package (function train) [92]. In
particular for each segmented image we tune up different parameters and selected their
best combination based on cross—validation procedures [93]. RF required two parameters:
the number of uncorrelated decision trees (Ntree) and the number of variables randomly
selected at each node of decision trees (Mtry) [94]. Specifically, to optimize RF parameters we set a high number of uncorrelated decision trees (Ntree = 1000), while we tested
different combinations of Mtry parameter, with values ranging from 2 to the total number of variables, and split rules, then we chose the combination that yielded the highest
accuracy value [24,59].
Finally, we estimated the relative importance of variables on classification using
two indices the Mean Decrease Accuracy (MDA) and Mean Decrease Gini (MDG) [95].
The MDA index quantifies the importance of a variable repeating the classification after
its random exclusion. Greater the difference between results in percentage, greater the
importance of variable. The MDG is a measure of how each variable contributes to the
homogeneity of the nodes in the resulting of RF [96,97]. Thus, higher the values of MDA
and MDG, higher the importance of the variables in the classification.
2.2.4. Accuracy Assessment
We calculated the accuracy of the obtained maps by two types of confusion matrices,
the first derived from the internal 10-fold cross validation of RF (RF accuracy assessment) [82,87] and the second based on the photointerpretation of test polygons (30% of
the polygons, single split accuracy assessment) [98,99]. We computed the following performance metrics: the Overall Accuracy (OA), the Cohen’s Kappa (K), the Area Under
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the ROC Curve (AUC), True Skill Statistics (TSS), and Sensitivity (SNS) and Precision
(PRC, Table 1) also known as producer’s and user’s accuracy, respectively [100]. The OA
is a measure of overall effectiveness of a classification, its values range from 0%, total
absence of accuracy in classification to 100%, a perfect classification. OA values greater
than 85% are considered as acceptable results [101]. The Cohen’s Kappa metrics measures
the agreement between predicted and observed polygons and it reveals the degree of
reliability of classification [101]. K values range from 0 (no predictive ability) to 1 (perfect
predictive ability), and Landis & Koch [102] suggest the following ranges: K ≥ 0.80 almost
perfect reliability, 0.60 ≤ K < 0.80 substantial reliability, 0.40 ≤ K < 0.60 moderate reliability, 0.20 ≤ K < 0.40 fair reliability, and K ≤ 0.20 slight or poor reliability. An alternative
measure is the Area Under the ROC Curve (AUC) defining the ability of classification to
separate A. saligna polygons from the Not Invaded polygons. The AUC is the probability
that a randomly selected A. saligna polygon will outscore a randomly drawn Not Invaded
plot, and classification with AUC values equal or higher 0.7 are considered with good
capacity of separability, while AUC ≥0.90 identified classification with excellent capacity
of separability [103,104]. The TSS is another accuracy metric comparing the number of
correct forecasts, minus those attributable to random guessing, to that of a hypothetical
set of perfect forecasts [105]. The TSS range varies from −1 to 1, where 1 indicates perfect
agreement and values equal or lesser of 0 indicate random classification [105]. The SNS
estimates the effectiveness of classification to identify the A. saligna polygons, its values
range from 0%, no effectiveness to identify A. saligna, to 100%, perfect effectiveness to
identify A. saligna [106]. The PRC evaluates the correctness of classification and it represents
the probability of A. saligna polygons observed are predicted by classification. PRC ranges
from 0%, the A. saligna polygons observed are not predicted, to 100% perfect correctness of
classification [107]. It is important to note that most of these metrics has some limitations
that should be considered for their accurate interpretation. For example, both OA and
AUC are highly sensitive to imbalanced data [108], whereas SNS, PRC, TSS and K are
less sensitive [109].
Table 1. Accuracy assessment metrics selected for comparing the performance of classifications using
two confusion matrices types, the internal confusion matrix of RF and an independent confusion
matrix derived by photointerpretation of polygons test. N, total number of testing data; TP, True
Positive; FP, False Positive; TN, True Negative; FN, False Negative (see Figure 2).
Acronym

Name

Formula

OA

Overall Accuracy

TP+TN
TP+FN+TN+FP

K

Cohen’s Kappa

AUC

Area Under the ROC Curve

TSS

True Skill Statistics

SNS

Sensitivity

PRC

Precision

1
[(TP+FN)∗(TP+FP)+(FP+TN)∗(FN+TN)]
N2
1
TP+FN)∗(TP+FP)+(FP+TN)∗(FN+TN)]
[(
2
N

OA−
1−

1
2



TP
TP+FN

TP
TP+FN

+

TN
TN+FP

TN
TN+FP
TP
TP+FN
TP
TP+FP

+



−1

Accuracy metrics were used to compare the performance of the classification derived
from pre-flowering and flowering images and the potential of the different combinations
of RS variables (eight classifications: four combinations of variables for classifying images
acquired in the two time periods).
3. Results
All the performed classifications mapped the A. saligna with acceptable accuracy
values with OA and AUC values always higher than 90% and 0.77 respectively (Figure 3,
Table 2). However, only in the flowering period the polygons of A. saligna are very well
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Table 2. Accuracy assessment (AA) values of the classifications obtained using the 4 different RS UAV stacks of variables
derived from images collected during pre-flowering and flowering periods. Accuracy values calculated by internal 10-fold
cross validation of Random Forest (RF ± Standard deviation) and by an independent independent single split (SS) are
reported. Overall accuracy (OA) in percentage, Kappa statics (Kappa), Area Under of the ROC Curve (AUC), True Skill
Statistics (TSS), Sensitivity (SNS), and Precision (PRC) in percentage.
Pre—Flowering Period
Raster Stack

AA

OA (%)

K

AUC

TSS

SNS (%)

PRC (%)

DSM + HIS

RF
SS
RF
SS
RF
SS
RF
SS

93.37 ± 0.67
93.61
91.17 ± 0.80
94.42
93.05 ± 1.06
94.33
91.20 ± 0.79
94.28

0.57 ± 0.06
0.62
0.38 ± 0.07
0.66
0.55 ± 0.11
0.65
0.39 ± 0.07
0.68

0.90 ± 0.02
0.77
0.84 ± 0.01
0.80
0.90 ± 0.02
0.79
0.87 ± 0.02
0.82

0.48 ± 0.09
0.54
0.30 ± 0.09
0.60
0.47 ± 0.12
0.58
0.31 ± 0.09
0.64

52.49 ± 8.82
56.18
31.09 ± 8.58
61.45
49.01 ± 11.71
60
30.96 ± 9.37
66.67

76.55 ± 6.64
78.12
65.42 ± 7.57
78.46
74.04 ± 6.35
78.13
69.02 ± 11.21
76.32

Raster Stack

AA

OA (%)

K

AUC

TSS

SNS (%)

PRC (%)

DSM + HIS

RF
SS
RF
SS
RF
SS
RF
SS

94.92 ± 0.60
96.61
93.35 ± 0.49
95.60
94.92 ± 0.92
95.75
92.56 ± 1.21
95.87

0.73 ± 0.04
0.82
0.62 ± 0.04
0.76
0.75 ± 0.05
0.80
0.61 ± 0.08
0.80

0.95 ± 0.01
0.88
0.91 ± 0.01
0.83
0.95 ± 0.01
0.87
0.91 ± 0.02
0.86

0.65 ± 0.07
0.75
0.51 ± 0.05
0.66
0.67 ± 0.08
0.74
0.51 ± 0.10
0.72

65.77 ± 8.27
75.76
51.51 ± 5.19
66.67
67.95 ± 8.70
74.75
51.29 ± 10.16
72.45

88.73 ± 4.33
94.94
88.57 ± 4.52
95.65
88.96 ± 5.42
94.94
89.36 ± 10.76
94.67

DSM + RGB
DSM + HIS + NDVI
DSM + RGB + NDVI

Flowering Period

DSM + RGB
DSM + HIS + NDVI
DSM + RGB + NDVI

A. saligna classification obtained from the flowering period images presented excellent
accuracy values using DSM + HIS + NDVI and DSM + HIS with highest values for single
split accuracy assessment (Table 2). In the RF accuracy assessment, these two classifications
diverged slightly by K, TSS, Precision and Sensitivity with higher values obtained by the
DSM + HIS + NDVI classification. However, the DSM + RGB + NDVI evidenced the
best effectiveness in correctness of classification reaching PRC around 90% according the
internal accuracy of RF (Table 2). In the single split accuracy assessment, the DSM + HIS
classification showed slight divergences with highest values in all accuracy assessment
metrics except for PRC compared to DSM + HIS + NDVI (equal value) and DSM + RGB
(higher value, Table 2).
The contribution of RS variables for A saligna mapping included in the different stacks, widely varied among the pre-flowering or flowering UAV images classifications, with the exception of Hue and Red which resulted always important
(Figure 4, Supplementary Materials Figure S1). DSM is relevant on classifications based
on pre–flowering images and assumes a secondary role on flowering images (Figure 4,
Supplementary Materials Figure S1). Saturation values of A. saligna patches and Not Invaded areas during the flowering period are significantly different, assuming an important
role for image classification (Figure 4). Also, Blue variable resulted important in flowering
image classification, still it assumes comparable values on the mapped classes (Figure 4).
Concerning A saligna maps based on pre-flowering UAV images, Hue resulted the
most important variable on classifications using HIS (e.g., DSM + HIS and DSM + HIS +
NDVI stacks; Figure 4), followed by the DSM (e.g., high MDA and MDG values). The inclusion of NDVI variable had a limited effect and low importance on the obtained classification
(e.g., NDVI assumed similar values on both classes; Supplementary Materials Figure S1).
In the classifications supported by RS stacks including RGB (e.g., DSM + RGB and
DSM + RGB + NDVI; Table 2), the DSM resulted the most important variable, followed by
the Red band with NDVI assuming a less important role (Figure 4).
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Notice that on costal dunes also some native herbaceous species have yellow flowers
(e.g., Medicago marina, Lotus cytisoides, Ononis variegata) in a similar blooming period. Still,
unlike the analyzed IAP, these native species present low cover and occur on the herbaceous layer, characteristic easily detected by DSM [110,117]. Furthermore, DSM assumed
a considerable importance on the classification of pre-flowering images, depicting the
differences in height and canopy of A. saligna and dune natural vegetation [118]. However,
all classifications slightly distinguished the A. saligna polygons in the pre-flowering period,
as evinced by low values of K, TSS, PRC and in particular of SNS. These low values could
be due either to large variability of coloration in the leaves of A. saligna and/or RGB values
similar to native coastal dune vegetation in particular woody and scrubs vegetation.
The inclusion of NDVI in the variables stack for classification of pre-flowering and
flowering images does not improve map accuracy. As observed for other invasion processes
(e.g., Phragmites australis, Fallopia japonica) NDVI plays a secondary role on A. saligna
mapping which is even weaker on classifications based on blooming UAV images [110,119].
Such results are particularly important as using a simple RGB sensor mounted on an
UAV reduces costs and computational efforts [24,120,121] allowing to optimize time and
economic commitment necessary for detecting and mapping invasive species in complex
environments as coastal dunes. In the light of our findings, we can affirm that UAV images
taken with a RGB sensor and converts with HIS variables during the blooming period
could represent a sound support for IAPs detection and mapping also in complex and
dynamic environments, supporting the prioritization of the concrete actions claimed by
the EU IAS Regulation 1143/2014 [43,122].
Data collection and classification approach adopted in this study are easily repeatable
and can be extended to map invaded coastal areas by A. saligna on other regions and
environmental conditions. In this context, UAV images are good candidates for becoming a
fundamental instrument for IAPs detection as well as for monitoring their invasion status
over time [29,30,122,123].
Notice that the multirotor quadcopter used in this study limited the spatial extension
of the obtained multispectral images. On the other hand, the higher autonomy of fixed
wing UAV acquiring RGB images allowed to cover wider areas [110,122,124] which in
addition to the great effectiveness of DSM and HIS variables support this sensor as the best
candidate for A. saligna mapping and monitoring on coastal areas.
5. Conclusions
In this work, we used an approach based on UAV data to detect and map A saligna
invasion on a dynamic and heterogeneous coastal dunes landscape. Actually, mapping
IAPs on these ecosystems can be a major challenge and cannot rely only on satellite images
due to some limitations (e.g., course spatial resolution, high cost, errors in georeferencing).
For example, the existing freely available RS data (e.g., Landsat, Sentinel, or Planet Scope)
have high—medium spatial resolution which are not often suitable for depicting the fine—
grain of coastal landscape mosaic, while higher spectral resolution data can attain higher
costs (e.g., World View, Quick Bird, IKONOS, Pléiades, or LiDAR). In addition, the accurate
detection of invasive species requires data with very high temporal resolution to capture
the different phenological phases that would help to distinguish such species from the
natural vegetation. In our work, we have demonstrated that the timing of data collection is
crucial for mapping A. saligna since the inflorescence, which remain yellow only for few
weeks, effectively helped to classify the species.
The proposed UAV approach is cost–effective and suited for providing high spatial
and temporal resolution data for IAPs detection and mapping on coastal landscapes;
however, due to technical constraints of the UAV technology (i.e., capability of batteries,
surveying restrictions) it is eligible only for mapping relatively small areas. Further efforts
should be devoted to harmonizing UAV ultra-high spatial resolution data covering small
extents with RS medium—high spatial resolution data but covering wider areas. An effort
on identifying adequate upscaling procedures able to extrapolate similar information from
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local to regional and national scales are needed. The proposed GEOBIA approach for
IAPs detection and mapping on coastal dunes could help to define improved protocol for
IAPs monitoring and for prioritizing conservation actions in these dynamic and highly
vulnerable landscapes.
Our results evidenced the great potential of UAV images and in particular the transformation of RGB images to the HIS model, for producing accurate maps of A. saligna
also in complex and dynamic coastal dunes landscapes, offering a sound support to the
prioritization of conservation and management actions claimed by the EU IAS Regulation
1143/2014. The utilization of innovative RS data on LTER sites offers further insights for
improving monitoring efforts, thus optimizing the resources and time devoted to managing
IAPs. The extension of the proposed approach to the wider LTER observation network
could be a good opportunity to provide a monitoring tool in these areas with low spatial
extensions but with high conservation value.
Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/rs13173361/s1, Figure S1: Boxplot representing the values of RS variables (DSM, Red, Green,
Blue, NDVI, Hue, Intensity, Saturation) extracted from the training dataset for the Acacia saligna
invaded and Not Invaded classes during the pre-flowering (a) and flowering (b) periods. Asterisk
indicate significant differences according to the Wilcoxon Signed Rank test (significance levels * < 0.05,
** < 0.01, *** < 0.001, **** < 0.0001).
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