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Abstract: Forests provide essential ecosystem services but face increasing threats from
invasive species like Toumeyella parvicornis (pine tortoise scale). Since its introduction to
Italy in 2014, this pest has severely impacted Pinus pinea forests, with a major outbreak in
2019 affecting an urban forest in the Rome municipality area. This study aims to develop
a tool for detecting forest dieback symptoms caused by the scale and assess the role of
prevailing winds in its dispersal by integrating multispectral and hyperspectral earth ob-
servation systems, including Sentinel-2 and the Hyperspectral Precursor of the Application
Mission (PRISMA). At a 6000-hectare protected area with diverse vegetation, a binary
Random Forest classifier, trained on near-infrared and short-wave infrared reflectance data,
identified symptomatic stands. A generalized linear mixed model compared uniform and
wind-influenced probabilistic dispersal models, assessing the pest spread relative to the
initial infestation hotspot. The results confirmed a sharp decline in near-infrared reflectance
in 2019, indicating severe defoliation and a shift from evergreen to deciduous canopy
phenology by 2021. The classifier achieved 82% accuracy, effectively detecting symptomatic
pine forests (91% precision). The scale spread to 51% of the pine forest area by 2021, with no
strong correlation to prevailing winds, suggesting other augmenting dispersal drivers, such
as vehicles along congested routes, wind tunnels, pest-resistant forests, and the potential
mitigating role of alternating coastal wind patterns that are effective in the study area.

Keywords: stone pine; reflectance; alien species; airborne dispersal; forest dieback

1. Introduction

Forests play a key role in providing ecosystem services and mitigating climate change
effects [1]. However, several threats have hit forests at an unprecedented scale, including ex-
tensive wind throws [2-4], repeated frosts [5-7], droughts [8,9], and pest outbreaks [10,11],
leading to higher tree mortality rates [12], decreases in productivity, and CO, sink poten-
tial [13,14]. Specifically, the well-established intercontinental commercial routes [15,16] are
key factors contributing to the repeated emergence of pest outbreaks in agricultural systems,
forests, and urban forest ecosystems [1,17]. Such conditions are increasingly facilitating the
accidental introduction of alien species, including insects.

The establishment, spread, and survival of alien insect species in new areas are en-
hanced by the disruption of biological control as well as by human activities and extreme
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climate events that can create favorable ecological niches [8,9,12]. Pine tortoise scale,
Toumeyella parvicornis (Cockerell) (Hemiptera: Coccidae, hereafter “PTS”), is a recent exam-
ple of an invasive species in the Mediterranean area and is seriously endangering the urban
forests and public green areas of several cities. PTS is native to North America, where it is
widespread from the Southern USA (i.e., Florida and Georgia) to Canada, and lives and
reproduces on Pinus spp. [18]. The first PTS record in Italy dates from 2014 when it was
identified in Campania [19]. It then moved gradually northward and southward, becoming
established in forests and urban areas [20]. More recently, it was found in France [20] and
Albania [21].

In Italy, the infestations of PTS were recorded mainly on Pinus pinea L. (stone pine) trees
located in urban areas. The disease symptoms were at times severe, including a reduction
in shoot development, desiccation and yellowing of the needles, lack of vegetative renewal,
and release of a considerable amount of honeydew that, in turn, favors the development of
sooty molds [22]. This damage phenology is similar to that caused by other scale species
affecting pine trees in Italy, mainly Matsucoccus feytaudi (Ducasse), which is responsible for
infestations on Pinus pinaster (maritime pine), and Crisococcus pini (Kuwana) that has, so far,
been recorded only in the northern part of the country [23,24].

The impact of such infestations in the invaded areas is of particular importance due to
the widespread presence of stone pine. Indeed, this host tree is an important species in the
Italian landscape and is included in several Natura 2000 Network areas and in the European
Red List of Habitats for its significant naturalistic, historical, and social interest [13]. Stone
pine plantations are described as “Mediterranean coniferous coastal dune woodland” and
cover a considerable part of coastal areas in the Mediterranean basin [25].

Urban forests that feature stone pine as the dominant species are present in major
Italian cities along the Tyrrhenian coast, where they provide ecosystem services or socio-
ecological services for citizens [26]. Since the 19th century, extensive reforestation programs
have predominantly resorted to Pinus ssp. seedlings. Pine forests in the Mediterranean area
yield resources that are still the backbone of a number of economic activities [27], including
tourism and leisure pastimes [28].

Monitoring, eradication, and the setup of containment measures in buffer zones against
PTS infestations have been mandatory at the national level since 2021. The boundaries of
the PTS-infested areas and the buffer zones surrounding the symptomatic area, at least
5 km wide, have been established in Lazio and were last updated in 2023.

Patterns of insect dispersion are little understood and difficult to predict. The wind
is one of the most important factors that can influence the local as well as long-distance
dispersion of insects, for example, between agricultural fields as well as between forest
stands and plantations, particularly in those ecosystems where the wind is a pervasive
climatic factor of the environment [29] and is aided by orography or man-made structures
that can channel the wind more effectively. For wingless or very weak-flying insects, such
as scales, the main direction of dispersion is downwind up to a few meters away or, more
rarely, a few hundred kilometers [30]. PTS was recorded as being carried up to 5 km
in [31,32], although its downwind dispersion in relation to prevailing winds has never been
investigated.

Large-scale detection of pest infestation, including the use of proximal- [33] and
remote-sensing [34], can help assess the local dispersion patterns [35] and contribute to the
development of mitigation and containment systems. Multispectral remote sensing has
become widely established as a means of monitoring biotic and abiotic anomalies in forests
by detecting breakpoints or anomalous trends in phenological patterns. Phenology is one
of the most sensitive biological indicators of changes in underlying growing conditions,
whether due to a changing climate or any occurring anomaly, such as pest outbreaks [36,37].
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There has been much focus on reflectance measurements in the visible (VIS,
450-700 nm), near-infrared (NIR, 700-1400 nm), and short-wave infrared (SWIR,
1400-2500 nm) wavelengths. Changes in these spectral regions are associated with sev-
eral physiological and biochemical traits [38], including absorption of solar radiation by
chlorophyll a, b, and carotenoids (VIS); the scattering of individual leaves and whole
plant canopies driven by the internal leaf structure and canopy structure (NIR); and the
SWIR, which can be indicative of the water content and the biochemical composition of
leaves [39—41]. Recent developments in the cloud computing approach to elaborate long-
time series of optical images enable the assessment of anomalous spectral changes and the
automatic assessment of forest disturbances [42].

There is still uncertainty regarding the use of hyperspectral remote sensing, as such
sensors have only recently been deployed in orbit, granting freely available products [43—46].
PRISMA (Hyperspectral Precursor of the Application Mission) offers global coverage, with
a spectral resolution of 12 nm and a spatial resolution of 30 x 30 m, and has a repeat cycle of
approximately 29 days. The VIS-NIR and SWIR sensors are integrated with a panchromatic
camera [46].

In this context, we assessed the effects of the PTS outbreak in a stone pine urban
forest located along the Tyrrhenian coast in Central Italy using hyperspectral PRISMA
imaging. Since the first outbreak in Rome in 2018, PTS has spread toward the coastal forests,
seriously affecting stone pines. This research aimed to (i) spatially detect the symptoms
of defoliation on stone pines infested by PTS in an extensive protected area, (ii) evaluate
how the prevailing winds had affected the spread pattern of the pest since its onset, and
(iil) assess the potential of using PRISMA hyperspectral imaging to detect pest outbreaks in
an urban forest in terms of accuracy and sensitivity.

2. Material and Methods
2.1. Study Site

The Presidential Estate of Castelporziano is a natural vegetation area of approximately
6000 hectares under legal protection status, located 25 km southwest of Rome in the region
of Lazio (Figure 1A).

Lazio lies within a Thermo-Mediterranean zone, marked by extended aridity in sum-
mer and moderate cold snaps in winter. Low-pressure episodes steer the synoptic-scale air
mass movements, while high-pressure periods predominantly dictate circulation patterns,
fostering a local sea—land breeze regime [47]. Wind data were collected from the meteoro-
logical station in Castelporziano. Wind patterns were aggregated in a study period from
April to June (i.e., when new generations of PTS arise after overwintering) for the years
2019 and 2020.

The Estate features a wide range of vegetation types, including sand dune vegetation,
Mediterranean maquis, high maquis, Quercus ilex evergreen forests, Quercus suber forests,
broadleaf mixed forests, Eucalyptus globulus plantations, and cropland [48]. Pine plantations
account for 678 ha and are mainly formed by Pinus pinea, with a minor presence of P.
halepensis, P. brutia, and P. pinaster [27,49].

The onset of the PTS pest outbreak on the stone pine forests in the study site was
reported by the Estate’s personnel during visual ground checks in 2019. The first infesta-
tion hotspot (Figure 1B) was pinpointed by high-resolution multispectral imagery in the
northeastern part of the Estate and dated as early as August 2018 [50].
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Figure 1. (A) Geographical location of the Castelporziano Presidential Estate in the Rome municipality
area (In red the Lazio region, Italy). (B) Map of Castelporziano Estate with the scale pest infestation
hotspot, the concentric circles representing a uniform dispersion model (cyan color), and the linear
spread along the line of the prevailing wind passing through the infestation hotspot (yellow color).
Coordinate Reference System: WGS84/UTM zone 33N.

2.2. Phenological Dataset

A dataset of long-term near-infrared (NIR) and visible red reflectance data on a
randomly chosen subset of locations in the Estate was used to drive the choice of the
month and year with which to estimate the PTS symptom detection map and the threshold
reflectance value to separate the binary classes of the presence/absence of symptoms.

Forty locations were randomly selected in stone pine stands and labeled as pres-
ence/absence of symptoms according to visual ground checks and historical reconstruction
of the PTS infestation by the Estate’s personnel. A visual ground inspection included the
sight of sooty mold, needle yellowing, and branch desiccation. Such symptoms are strictly
associated with PTS infestations, whereas the other stone pine pests that are known to be
present in that area, mainly coleopterans belonging to the families Curculionidae and Cer-
ambicidae, as well as lepidopterans belonging to the families Tortricidae and Notodontidae,
are responsible for unequivocally different damage to the canopy and trunk. On the other
hand, the other Mediterranean scale species producing similar symptoms on stone pines
(i.e., Crisicoccus pini (Kuwana) and Marchalina hellenica (Gennadius)) are known to be absent
in the surveyed area.

The Copernicus Sentinel-2 mission satellites aim to provide multispectral data prod-
ucts with a 5-day revisit frequency and a 10 x 10 m spatial resolution [51]. Cloud and cirrus
formations were detected and removed through the product quality assurance metadata.
Near-infrared (NIR) and visible red reflectance data were collected on the sampling points
from all images in the timeframe 2017-2022 and aggregated as median value composites
using Google Earth Engine [52] (Figure 2).
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Figure 2. The monthly median and composite values of near-infrared (yellow color) and visible red
(cyan color) reflectance were sampled at 40 random points in the forest stands and loess-smoothed
curves. PRISMA is an acronym for “Hyperspectral Precursor of the Application Mission” earth obser-
vation system used to detect the symptoms of infestation of Toumeyella parvicornis in forest stands.

2.3. Detection Dataset and Model

PRISMA imagery was used to detect the presence of PTS symptoms on the Estate stone
pine stands. Among all the levels provided by the PRISMA mission, level 2D is the most
comprehensive, offering reflectance information, atmospheric corrections, and geographical
co-registration. Other levels provide raw radiance without radiometric, atmospheric, and
geographic corrections.

The imagery used had a maximum of 2.7% cloud coverage, which never affected the
scene over the Estate. The downloaded heb5 file also contained all the metadata related to
the platform required for geometric processing. The original he5 file was opened in the
Python (version 3.12) environment using the h5py library (https:/ /pypi.org/project/h5py/
(accessed on 1 June 2024)), and GeoTIFF images containing all the 239 hyperspectral bands
were created. From this set of bands, 27 were removed due to many values tending toward
zero, representing the spectral region between the VIS-NIR and SWIR, as well as intervals
within different parts of the SWIR.

The detection dataset that was used to train, validate, and test a binary Random Forest
(RF) classifier was formed by random sampling points geographically located in pine forest
stands, with a minimum neighbor distance of 30 m, and including the 40 locations of the
phenological dataset. Stands were buffered inward by the same distance to mitigate the
potential edge effect caused by the coarse spatial resolution of the PRISMA image. As a
result of the buffer process, the total pine forest area decreased to 530 ha.

Reflectance thresholds from the phenological dataset were used to integrate ground
validation data to correctly label the binary class (the presence/absence of symptoms in
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pine forests). For this reason, all PRISMA bands in the visible region were excluded from
the detection dataset to avoid any dependency issues in the training of the RF classifier.

The final detection dataset featured 384 locations and 167 features. Train, validation,
and test sub-datasets were randomly sampled from the detection dataset with 65%, 10%,
and 25% proportions, respectively.

To obtain the highest model accuracy, before applying the Random Forest algorithm
for the final classification, the model was fine-tuned using the testing dataset. Different
combinations of hyperparameters were used to train the Random Forest model on the
training dataset. The sequences of parameters were defined as follows: number of trees
ranging from 1 to 100 with a step of 10, variables per split ranging from 1 to 20 with
a step of 2, and leaf population ranging from 1 to 10 with a step of 1. The accuracy of
each trial was then evaluated on the independent testing dataset that was never used
during training, ensuring an unbiased assessment of the model performance for each
parameter configuration. Finally, the model was trained and validated with training and
validation datasets. A classification accuracy assessment was carried out using the overall
accuracy (OA) and Kappa coefficient of agreement (K), one of the most common and
reliable indicators for reporting the accuracy of thematic maps [53].

Furthermore, RF provides an important score for each variable used for classification
(PRISMA image bands), which was used to determine what wavelengths were most
significant for infestation diagnosis. A threshold of importance was established to select the
most diagnostic bands. The reflectance values were used for labeling each pixel according
to the presence/absence of symptoms.

2.4. Wind Dispersion Dataset and Model

Wind dispersion of PTS in the study site was evaluated as the probability of a pine
forest location being labeled as symptomatic as a function of its distance from an infestation
hotspot, under the assumption that the likelihood of a pine tree being infested decreases
with increasing distance.

A balanced binary dataset of pine forest locations was randomly sampled from the
detection map by including 525 points for each binary class (total: 1050 points) and fitted
to a binomial response generalized linear mixed model (GLMM [54]) that was used to link
a binary (presence/absence of PTS symptoms) response variable to its physical distance
to the infestation hotspot. A GLMM is an extension of the ordinary linear regression to
non-normal data in which the linear predictor contains random effects in addition to fixed
effects [55].

The random component of the GLMM included two random intercepts: the forest
stands each pixel was sampled in and a spatial term. The expectation that closer obser-
vations, in terms of latitude and longitude, should be more correlated than those further
away was accounted for by the spatial term using a Matérn covariance function.

The effect of the dominant wind on PTS dispersion was evaluated by comparing two
GLMMs differing only by how the distance explanatory variable was computed.

A uniform dispersion model (UDM) included straight distances between observations
and the initial infestation hotspot as the explanatory variable. This model assumes a
random uniform PTS dispersion direction and a likelihood of infestation decreasing with
distance from the infestation hotspot (Figure 1B).

A prevailing wind dispersion model (PWDM) included straight distances between
the observations and the dominant wind direction as the explanatory variable. This model
assumes that PTS predominantly disperses along the dominant wind direction in the study
site (Figure 1B).



Land 2025, 14, 630

7 of 17

Reflectance

NIR

The magnitude of the error affecting the estimate of the distance coefficient and the
proportion of variance explained by each model (R-squared based on the likelihood ratios)
contributed to defining which model could better predict the diffusion of PTS [56]. A lower
standard error of the distance coefficient led to more precise estimates, whereas a greater
R-squared resulted in a higher contribution of distance toward explaining the variability of
the presence/absence of infestation in each model.

3. Results

The onset of the PTS pest outbreak in 2019 on the stone pine forests in the study site,
reported by visual inspection by the Estate’s personnel, was confirmed by analyzing the
long-term phenology reflectance data in the wavelength ranges of near-infrared (NIR) and
visible red, most commonly used to derive common vegetation indexes (Figure 3).
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Figure 3. Boxplot of reflectance value distributions per class in each of the relevant bands for symptom
detection.

On the one hand, the steady NIR phenology of evergreen canopy cover [18] clearly
showed an abrupt drop in June 2019 and a further decline in 2020, whereas the visible
red phenology could not mirror any similar change pattern. By 2021, the NIR phenology
changed to a yearly cycle where the original evergreen canopy died or was harvested by
alternating photosynthetically active (from spring to autumn) to nonactive seasons (winter)
typical of a deciduous broadleaf forest land cover. As a result, to perform detection of the
cumulative dispersal of PTS symptoms in a stone pine forest, archive-available PRISMA
imagery for 15 June 2021, 10:07 CET, was retrieved.

The map of detected infestation (Figure 4) confirms that, by 2021, most of the pine
forests in the study site were irreversibly attacked by PTS. The total outbreak area was
estimated to be 270 hectares, or approximately 51% of the entire pine forest area.

The RF classifier revealed an overall good accuracy (82%), specifically in correctly
identifying the pine forest pixels affected by PTS (94% user accuracy in the “symptomatic”
class, -UA- in Table 1). Despite that, a certain amount of variability affects the estimated
predictions (80% producer accuracy in the “symptomatic” class, -PA- in Table 1). Thus, the
classifier metric shows the potential for monitoring and correctly detecting PTS outbreaks
in pine forests at the cost of misclassifying asymptomatic forest patches as being attacked
by PTS once every five predictions of infestation presence.



Land 2025, 14, 630

8of 17

[ Castel Porziano Estate
— Trunk roads
~— Inmer track roads

Random Forest Classification
BN Absence of symptoms
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Figure 4. Binary detection map of PTS infestation in Castelporziano during June 2021 (yellow:
presence of symptoms; cyan: absence of symptoms). Coordinate Reference System: WGS84/UTM
zone 33N.

Table 1. Random Forest classification confusion matrix.

Predicted Symptom Condition

UAs
Total Absence Presence
91% 48 4 44 Presence Actual
82% 62 51 11 Absence symptom
110 54 56 Total condition
ACC: 87% o o
K: 0.72 92 /o 80 /o PAS

The stone pine vegetative status (presence/absence of symptoms), picked up by
the reflectance spectra (Figure 5), showed higher reflectance for healthy vegetation in
the NIR region where leaf internal scattering, foliar biochemical components, and water
absorption contribute to the shape of the spectra, and lower reflectance in the SWIR
region, where mostly proteins and cell wall components such as lignin and starch share
reflective potential.
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Figure 5. Average reflectance spectrum graph for the presence (yellow)/absence (cyan) of symptom
classes, highlighting important bands selected by RF with vertical segments.

The most useful diagnostic wavelengths used by the RF classifier (Table A1) were
found chiefly in the SWIR region (specifically in the 1970-2080 nm and 2350-2500 nm
windows) and two more bands in the NIR region (817 nm and 1317 nm). Consistent with
previous studies, these results showed that asymptomatic stone pines can be differentiated
from symptomatic and stressed vegetation according to their higher reflectance in the NIR
regions and lower reflectance in the SWIR region (Figure 5).

Figure 6 shows that the prevailing wind direction during the study period was NE-SW.
Such a dynamic confirms the local sea—land breeze regime with mild winds from the sea to
the land during daytime hours and from the land to sea at night.

(A) Daytime Wind Rose (B) Nighttime Wind Rose
N N

S S

Figure 6. Wind rose charts of daytime prevailing wind recorded from 08:00 to 21:00 (A) and nighttime
prevailing wind recorded from 21:01 to 07:59; (B) The percentages represent the frequency of the
wind observations coming from a specific direction, measured in degrees from the North.

The GLMM of the binary detection of infestation by PTS (Table 2) revealed that
distance, as the sole explanatory variable, captures only about 22% of its spatial variability,
regardless of the dispersion model.
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Table 2. Estimate of the fixed effect distance coefficient for the uniform dispersion model (UDM)
and prevailing wind dispersion model (PWDM). The distance coefficient is linked to the decrease
in the probability of finding symptoms of PTS infestation per unit change in distance (km) from the
origin of dispersal (i.e., hotspot infestation in the case of the UDM or distance from the direction of
the prevailing wind in the case of the PWDM).

UDM PWDM
Distance effect coefficient
Estimate —0.267 —-0.113
95% confidence interval —0.571-0.037 —0.539-0.313
t-value —-1.75 —0.529
Model efficiency
Coefficient of 0.219 0.216
determination

Although the analysis of variance revealed no significant differences in capturing
spatial variability of the symptoms among the UDM and PWDM models (p-value: 0.7661),
the probability of PTS presence in stone pines decreases with an increasing distance from
the infestation hotspot or the prevailing wind direction (Figure 7).

1.00 =
0.75 =
>
%
8 0.50
(@]
| -l
o
0.25 =
0.00 =
| 1 | | |
0 2500 5000 7500
Distance / m

Figure 7. Probability of the presence of Toumeyella parvicornis symptoms in pine forest pixels in the
study site according to the distance from the hotspot infestation (uniform dispersal model, cyan
curve) and from the prevailing wind direction (prevailing wind dispersion model, yellow curve).

In UDM, the pine forest pixels that are closest to the infestation hotspot are shown to
bear about a 60% probability of being symptomatic, whereas those furthest away have the
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greatest chances of escaping infestation (less than 25% infestation probability when 8 km
away). In the PWDM, the probability of a pine forest pixel being labeled as symptomatic is
not significantly affected by the distance from the dominant wind direction due to a wide
confidence interval (Figure 7) and a very low t-value (three times lower than the UDM
t-value).

4. Discussion

We reported on the detection (by hyperspectral remote sensing) of defoliation in a
stone pine urban forest caused by an invasive pest and the modeling of its dispersion due
to wind in a study site in Central Italy.

Four years after the first reports of T. parvicornis” arrival in Europe and Italy [19] in
2014, the pest was detected 150 km further north, in the Castelporziano Presidential Estate,
close to Rome. As occurred for the other outbreaks in Italy, PTS reached high levels of
population density in a short time thanks to several phenological and ecological factors.
Among such factors are the intrinsic high reproduction rate and adaptability to the warm
Mediterranean climate that allows several generations per year, as well as the difficulty in
implementing sustainable control strategies in an urban environment and the absence of
efficient natural enemies [22].

The wind represents one of the drivers for the natural dispersal of wingless insects and
very weak fliers whose movement frequently occurs downwind [30]. Airborne dispersal of
the first-nymphal instars (crawlers) has been reported in several species of scale insects,
and it has been suggested that specific morphological characters allow them to drift longer
on air currents. In addition, crawlers of some species display behaviors that seem to be
adapted for take-off in wind streams: they accumulate at the tips of leaves, where they
are more exposed to air currents, and orient themselves downwind, increasing frictional
drag and enhancing removal by air currents [57]. Nymphs of the scale Parthenolecanium
corni (Bouché) were found in the prevailing wind sector and were mostly collected on the
trap side exposed downwind within and among vineyard plots [58]. Concerning PTS, no
information on its wind dispersal mode is currently available.

Most of the pine forests affected by PTS in Castelporziano have been replaced by
natural understory deciduous vegetation, which grew intensively thanks to the increased
solar radiation penetrating the damaged canopy. The shift from forest canopy to understory
vegetation is mirrored by a considerable decrease in mean near-infrared (NIR) reflectance
and its shift from a steady inter-annual phenology to a seasonal cycle recorded by both
multispectral and hyperspectral satellite sensors. This is in open contrast to the phenology
of the reflectance in the photosynthetically active region of the spectrum (visible red),
which did not record any symptoms of canopy dieback due to PTS. Thus, the magnitude
and seasonal phenology of NIR may be a strong signal of forest canopy dieback. On the
other hand, a strong consensus has grown on using vegetation indexes (VIs) for assessing
canopy structure, photosynthesis, and LAI [59], which are favored by the convenient
interpretation provided by an adimensional indicator that overrides the complexities
behind the measurement of radiance and its conversion to reflectance specific to each
sensor [60]. VIs usually combine visible and NIR channels, and each VI is suitable for
specific uses and is affected by some limiting factors [61], so the choice of a specific VI
should be made with caution. A set of recent papers [62,63] mentions that reflectance at
NIR wavelengths can be directly used as a proxy for photosynthetic activity assessment.
Our results highlight that the red channel carries little or no useful information over the
direct usage of the NIR channel for the detection of forest dieback while not being affected
by the idiosyncrasies of VIs, such as saturation at high reflectance values or sensitivity to
atmospheric effects [64]. This method shows promise for rapidly detecting the onset of pest
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outbreaks in coniferous forests, providing an alternative to approaches based on VIs often
employed in similar studies [65,66].

The full reflectance spectra of the pine canopy from the PRISMA earth observation
system proved useful in clearly differentiating the presence/absence of PTS symptoms,
probably due to the very high spectral resolution and spectrum, as previously reported in
other studies [67,68]. The availability of the SWIR channel, sensitive to the reflectance of the
water content and the biochemical composition of leaves, can be considered PRISMA’s main
asset over other techniques, such as proximal sensing [69]. The latter technique, conversely,
may feature frequent revisit times and higher spatial resolutions that, in turn, may enable
multi-temporal studies [33]. This confirms its usefulness in large-scale forest vegetation
studies where spatial resolution or temporal resolution are not limiting factors for the
detection of canopy stress [70]. It should be noted that although a specific hyperspectral
reflectance signature for the PTS infestation on stone pine is potentially feasible, it was not
among the objectives of this study.

In the future, numerous satellites for Earth Observation will be launched, such as
the IRIDE constellation [71] and CHIME [72], which will include hyperspectral sensors
with characteristics and sensitivities similar to those of PRISMA but with shorter revisit
times. This will make any pest detection model developed for PRISMA reusable for the
remote sensing monitoring of forests, as well as for early warning detection systems such
as those that are available today based on multispectral sensors or synthetic aperture radar
sensors [73,74].

Airborne dispersal in the study site, originating from the PTS onset infestation hotspot
detected in 2018, was found to account for 22% of the spatial variability of its detected
presence in pine forests, cumulating years from 2019 to 2021, signaling that other dispersal
media like animals, other insects, human-induced transport, or any combination of them
in addition to wind and air currents, might be responsible [31]. Although the dispersal
direction is downwind for wingless insects and very weak fliers [29], we could not find
strong evidence that PTS’s spatial distribution was mediated by the direction of the prevail-
ing winds [49]. This is possibly due to a mitigation effect of sea breezes alternating with
land breezes that dominate coastal wind systems during the spring months in the study
site. The net effect of an alternating dispersal of PTS could slow down its net forward mo-
tion potential from the infestation hotspot and enable the public administration to design
effective pest-management control strategies or identify potential predators and parasites.

Limitations of the wind models developed in this study include the coarse spatial
resolution of the PTS detection map (30 x 30 m) that did not allow for the inclusion of
microclimate, terrain, or canopy effects. Permanent windbreaks on land or artificial wind
tunnels, such as wide, straight, and coast-inland roads, if present, could also modify the
wind profiles and the distribution and dispersal of PTS [29]. The extent to which these
confounding drivers could add to the alternating sea/land breeze wind system effect in
slowing down PTS dispersion through the prevailing winds is not yet known. Nonetheless,
we suggest monitoring the spread of PTS in coastal areas in all directions from the onset
hotspot, regardless of the local wind systems, due to the currently increasing probability of
the occurrence of windstorms [75].

5. Conclusions

Multispectral remote sensing confirmed the onset of the Toumeyella parvicornis pest
outbreak in 2019 in a coastal urban forest, which led to an abrupt decline in near-infrared
reflectance, indicating severe defoliation and a shift from evergreen to deciduous canopy
phenology by 2021. Hyperspectral remote sensing, based on PRISMA sensors, enabled the
accurate detection of stone pine forest stands bearing symptoms of infestations by picking
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up a change in reflectance in the near-infrared and short-wave infrared regions of the
spectrum. The detection model will be reusable for remote sensing monitoring of forests by
hyperspectral satellite constellations that are planned to be operative in the coming years
by taking advantage of their high spectral resolution and spectrum.

The prevailing winds were not effective drivers of the cumulative airborne dispersal
(2019-2021) of the pest that led to the complete dieback of the stone pine stands in the
urban forest. Despite a previous study highlighting the role of the wind as a driver of
scale dispersal in a vineyard at the plot level, terrain, canopy, and microclimate conditions
could interact to varying degrees in different study sites at a site or regional level. Our
results clearly call for the need for large-scale monitoring of the dispersal of pests regardless
of the prevailing winds, even in the case of weak fliers such as the pine tortoise scale.
This is particularly relevant, especially under climate change scenarios, with an increasing
windstorm probability that could spread the pest randomly at unprecedented distances.

The effect and magnitude of confounding factors on the role of the prevailing winds
in scale pest dispersion are still unknown. Such factors may include augmenting drivers on
pest dispersal, such as the presence of wind tunnels, flat terrains, and intensively trafficked
routes, or hindering windbreak drivers, such as the presence of pest-resistant forests,
specific terrains, or microclimates. Future work should factor in such effects to provide
more effective dispersal models to be included in early warning monitoring systems.
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Appendix A

Table Al. Average reflectance values for symptomatic and asymptomatic pine forests at relevant
wavelengths according to the RF classifier in the 2021 detection map. The NIR spectral region includes
bands in the wavelength region of 730-1400 nm, and the SWIR region range is 1400-2500 nm. All
reflectance distributions were tested as significantly different by the Kolmogorov-Smirnov non-
parametric test of the equality of continuous distributions.

PRISMA Wavelength Spec.tral Average Reflectance Data
Band (nm) Region
Symptomatic = Asymptomatic

Forest Forest
48 817 NIR 0.161 0.234
105 1317 NIR 0.198 0.251
119 1470 SWIR 0.062 0.053
171 1976 SWIR 0.070 0.049
172 1985 SWIR 0.079 0.055
176 2019 SWIR 0.064 0.047
184 2086 SWIR 0.091 0.071
218 2350 SWIR 0.067 0.053
227 2414 SWIR 0.023 0.018
230 2436 SWIR 0.022 0.016
231 2442 SWIR 0.023 0.016
232 2449 SWIR 0.009 0.007
234 2463 SWIR 0.014 0.009
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