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Abstract: Invasive plant species (IPS) are the second biggest threat to biodiversity after habitat loss.
Since the spatial extent of IPS is essential for managing the invaded ecosystem, the current study aims
at identifying and mapping the aggressive IPS of Acacia salicina and Acacia saligna, to understand better
the key factors influencing their distribution in the coastal plain of Israel. This goal was achieved by
integrating airborne-derived hyperspectral imaging and multispectral earth observation for creating
species distribution maps. Hyperspectral data, in conjunction with high spatial resolution species
distribution maps, were used to train the multispectral images at the species level. We incorporated
a series of statistical models to classify the IPS location and to recognize their distribution and
density. We took advantage of the phenological flowering stages of Acacia trees, as obtained by the
multispectral images, for the support vector machine classification procedure. The classification
yielded an overall Kappa coefficient accuracy of 0.89. We studied the effect of various environmental
and human factors on IPS density by using a random forest machine learning model, to understand
the mechanisms underlying successful invasions, and to assess where IPS have a higher likelihood of
occurring. This algorithm revealed that the high density of Acacia most closely related to elevation,
temperature pattern, and distances from rivers, settlements, and roads. Our results demonstrate
how the integration of remote-sensing data with different data sources can assist in determining IPS
proliferation and provide detailed geographic information for conservation and management efforts
to prevent their future spread.
Keywords: imaging spectroscopy; phenology; machine learning; biodiversity conservation; flowering
detection

1. Introduction
Invasive plant species (IPS) cause ecological damage as well as substantial economic costs
worldwide [1]. They rapidly extend and alter the world’s biodiversity [2] and are a significant threat to
the natural ecosystem after habitat alteration [3,4]. IPS cause functional and structural degradation of the
invaded ecosystem, including alteration and modification of fire regime, hydrology, carbon storage, and
nutrient dynamics [5]. The expansion of IPS is usually divided into four stages: transport, colonization,
establishment, and spread in the landscape [6]. Once an IPS is introduced into a new environment and
is established locally, the rate of infestation is controlled by biotic factors and demographic processes
that regulate its spread [7,8]. The spread of IPS varies according to the community composition [9],
the patterns of disturbance [10], and the invader’s performance in establishing, maintaining, and
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growing in the invaded environment [11]. The IPS interact with environmental factors (topographical
and climatic), such as soil type, elevation, aspect, temperature, wind speed, and precipitation, leading
to complex interactions between the invasive plants and the invaded environment [12]. Therefore,
an essential requirement for effective management of IPS is the identification and delineation of both
the spatial extent and severity (invasion stage) of infestation [13]. Predicting the future spread of
the invading species also requires identifying the pattern of IPS in the landscape, the mechanisms
underlying successful invasion processes, and their response to environmental and human factors [12].
Traditional survey methods, such as ground mapping using global positioning systems (GPS),
have high accuracy and are species-specific methods for small management areas, but might be
technically, logistically, and financially unfeasible for larger areas or multi-species invasions [14].
Therefore, remote sensing has become an increasingly popular approach for identifying and monitoring
IPS [15–18]. However, since the reflectance signal from remote sensing sensors is generally determined
by biochemical and biophysical characteristics of the plant, the invasive species must have some
unique characteristic (i.e., biochemical, structural, or phenological) in order to be detectable by remote
sensors [19]. Recently, significant advances in spatial, spectral, and temporal resolutions of sensors
have made IPS identification increasingly feasible and accurate [14,19]. IPS detection was applied with
different remote sensing platforms including aerial photographs, multispectral, and hyperspectral
sensors. Among these, imaging spectroscopy (IS) is a promising technique for species identification in
general, and IPS in particular [15,17,20]. IS acquires images across many narrow contiguous spectral
bands, throughout the visible, near infrared, and shortwave-infrared spectral regions. The results of IS
can then be used to identify and map species based on their unique spectral signatures [21,22].
Several IS sensors have been used to detect IPS. Among the sensors extensively used for
IPS detection are Hyperion, Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), Compact
Airborne Spectrographic Imager (CASI), Carnegie Airborne Observatory (CAO), Airborne Imaging
Spectroradiometer for Applications (AISA), and HyMap [23–25]. The drawback of the IS approach,
even using state-of-the-art sensors, is that it does not incorporate cost-benefit considerations. IS data
are mostly acquired by using ground spectrometers or with airborne and unmanned aerial vehicle
(UAV) sensors, with limited spatial coverage [26]. Moreover, IS usually has a high cost, poor
accessibility, and requires qualifications and skills in processing and handling these large and complex
datasets [27]. The prevailing opinion is that moderate resolution multispectral satellite imagery is
less suitable to identify species and more successful in mapping communities because the spatial and
spectral resolution is generally too coarse to distinguish individual species unless a species exists as
a monodominant [28,29]. Although IS is essential for monitoring invasion rates at various stages,
multispectral satellite sensors offer advantages in identifying and monitoring IPS. They provide larger
coverage areas, higher revisit times, are easier processing, and have more available archived images
compared to the narrow band hyperspectral sensors. Therefore, judicious sensor selection is desirable
for useful, repeated, and reliable IPS identification and monitoring, and required for integrating data
from multispectral and hyperspectral imagery. This approach could then provide on-the-ground
management guidelines [30].
In this study, we focus on two highly invasive species in Israel, Acacia salicina Lindl. and
Acacia saligna (Labill.) H.L.Wendl., (hereafter: Acacia), which spread over large areas in the coastal plain
of Israel, creating dense clusters of trees with prominent yellow flowers that bloom in late winter to
early spring (March to April) (Figure 1). We took advantage of Acacia’s flowering stage to study and
detect their distribution. Detecting IPS flowers is a promising approach because it can be identified by
multispectral and color aerial photos [31]. Therefore, using specific phenological timing of the IPS
(life cycle) might improve the detection and reduce the high spectral resolution requirement for plant
species identification [14,32,33]. Furthermore, several studies have found that multispectral images
could provide suitable classification accuracy in contrast with hyperspectral imagery, especially when
target plant species have distinct spectral properties that distinguish them from their environment [34].
Another notable challenge was the need to distinguish between the spectral properties of the IPS
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Figure 3. The conceptual framework of an integrated approach by training species maps based on
Figure. 3. The conceptual framework of an integrated approach by training species maps based on
airborne imaging spectroscopy data to multi-spectral satellite data for invasive plant species mapping,
airborne imaging spectroscopy data to multi-spectral satellite data for invasive plant species
and for understanding the environmental effect on their spread pattern in the landscape. The framework
mapping, and for understanding the environmental effect on their spread pattern in the landscape.
includes three stages: (1) data preprocessing, filtering, and masking; (2) data classification; and (3)
The framework includes three stages: (1) data preprocessing, filtering, and masking; (2) data
interpolation of the data to IPS density for studying the environmental factors influences using a
classification; and (3) interpolation of the data to IPS density for studying the environmental factors
random forest machine-learning algorithm.
influences using a random forest machine-learning algorithm.
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included Atmospheric/Topographic Correction using (ATCOR) software [41], which was followed by
a geographic registration. A masking procedure was carried out using prior knowledge databases,
which included extensive information on the different land-uses and planted trees, as well as areas
adjacent to rivers, and roads. We applied this mask to the WorldView-2 image, in order to exclude
settlements and agricultural areas and include only open and natural landscape, to produce an invasion
area map in which IPS can potentially grow. The total area of potential growth of IPS was 13 km2
within the 100 km2 .
2.3.2. Classification for Detecting Invasive Plant Species
The second stage included two consecutive steps: (1) identification of the focal IPS, using the
species distribution maps of the two sub-areas that were based only on leaf spectral signals, and (2)
IPS mapping based on the flowering signal from multispectral data over the full study area that was
trained based on the first step. Paz-Kagan, et al. [35], developed species maps that included overall
28 woody plant species in the two sub-areas. We used these species distribution maps for developing
an IPS map by selecting the focal species class and integrating all the other classes to woody vegetation.
We used more than 720 crowns or clumps of crowns of the Acacia to train the multispectral imagery for
IPS mapping. An SVM classification was applied to the multispectral image, based on the following
characteristics: bare soils, Acacia flowering trees, annual yellow flowering, other trees, and other
annuals. These classes were identified and mapped in the field for validation. A post-classification
confusion matrix was tested, based on the calibration and a validation split (70:30) dataset that was
randomly selected. The classification output was subjected to a low-pass majority filter to reduce the
“salt and pepper” noise [42]. The final product of this procedure was the IPS distribution map within
the potential invasive area (a total area of 13 km2 ). The classification procedures were implemented
in ENVI 4.8 software, in an IDL 8.2 environment [43], together with procedures using R software
(R Development Core Team, 2014).
2.4. Environmental and Human Factors
The final procedure (Stage 3) addressed the environmental and human factors that affect the
pattern of the IPS in the landscape. The underlying assumption was that the densest areas of the
IPS represented higher site stability for invasion. We developed a density map of the IPS that was
calculated as the density of central points in the crown or clumps of crowns of the Acacia within a
100 m radius [44]. We assembled a set of 11 environmental and human factors as potential predictor
variables for Acacia density (Figure 4, Table 1). Three topographic factors, slope, aspect, and elevation,
were calculated from the digital elevation model (DEM), which is a terrain product at 4 m resolution
from the Survey of Israel and created with the geomorphometric and gradient metrics toolbox [45].
The Euclidean distance algorithms derived from the DEM were used to calculate the distance from
rivers, applying the Arc Hydro Toolbox [46] and implemented with ESRI ArcGIS software (ESRI 155
2014. ArcMap®10.2.2 Redlands California). The substrate factors, including soil classification and
lithology, were based on the official Survey of Israel Protection developed in 2004. The forest type
was based on Israel’s forest authority maps (JNF) developed in 2015. We calculated the distance
from populated areas (settlements) or roads using the Euclidean distance algorithm derived from the
populated area from land-use maps. The land surface temperature map was based on a Landsat-8
image with 100 m resolution of land surface temperature (TIR radiance), which was acquired in
proximity to the WorldView-2 (April 5, 2017), to represent temperature patterns in the landscape.
Normalized difference vegetation index (NDVI), presenting vegetation productivity, was based on the
2017 WorldView-2 image. Each of these environmental and human factors was scaled up or down
to match, the 2m resolution grid so that all the maps were geospatially aligned. All the maps were
projected into ITM (Israeli Transverse Mercator) coordinate system projection (Figure 4). Before the
analysis, the correlation between predictor variables was assessed using the Spearman rank correlation
test, to prevent redundancy in the environmental factors (Table A1) [47].

Remote Sens. 2019, 11, 953
Remote Sens. 2019, 11, x FOR PEER REVIEW

7 of 18
8 of 20

Figure 4. Selected examples of the potential explanatory environmental factors used to assess the
Acacia density: (a) Forest type (class), (b) pedology (classes), (c) lithology (classes), (d) topographic
aspect (class), (e) slope steepness (degree), (f) elevation above sea level (m), (g) land-use (classes) (h)
Figure 4. Selected examples of the potential explanatory environmental factors used to assess the
human settlements and roads used to calculate the Euclidean distance, and (i) river streams use to
Acacia density: (a) Forest type (class), (b) pedology (classes), (c) lithology (classes), (d) topographic
calculate the Euclidean distance. All classes’ values are detailed in Table A2.
aspect (class), (e) slope steepness (degree), (f) elevation above sea level (m), (g) land-use (classes) (h)
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Table 1. Environmental and human factors considered for analysis of Acacia density.
Categories Enveromantal

Factors

Units

Topography

Elevation
Slope
Aspect
Distance from rivers or streams
Pedology
Lithology
Temperature
NDVI

m
degree
degree
m
Class
Class
◦C
unitless

Forest type
Land-use
Distance from roads and
settlements

Class
Class

Substrate
Land Surface
Productivity
Categories/human
Forest structure
Land-use

m

With the above-listed variables, the second objective, exploring the influence of different
environmental and human factors on the IPS spreading pattern, was addressed by using a random
forest (RF) machine learning regression analysis. The Acacia density was the response variable to
all the environmental and human factors [48–50]. We tested the relative importance of the predictor
variables to IPS density by selecting meta-variables such as tree complexity/depth of the algorithm,
the learning rate, and the number of trees [45]. We compared partial dependence plots (PDPs), in
order to identify the nature of the relationships between Acacia density and environmental and human
factors. The PDPs display the change in the probability over the range of one predicting factor, while
all other factors stayed constant [51]. All the analyses were conducted using the R software [50,52]
machine-learning platform.
3. Results
3.1. Species Classification Map
Figure 5 shows the IPS map for the Dorot and Negba sites that were developed from the species
distribution maps based on Paz-Kagan et al. [35]. The Acacia covers 18.15% of the area in Dorot and
17.7% of the Negba site. It was shown that the accuracy of the class Acacia identification was 0.75 and
0.74 for the Dorot and Negba sites, respectively. Note that the Acacia classification was related to the
leaf spectral signal, and not to the flowering signal in the hyperspectral image. Detailed information
on the species mapping and classification can be found in Paz-Kagan et al. [35].

Figure 5 shows the IPS map for the Dorot and Negba sites that were developed from the species
distribution maps based on Paz-Kagan et al. [35]. The Acacia covers 18.15% of the area in Dorot and
17.7% of the Negba site. It was shown that the accuracy of the class Acacia identification was 0.75 and
0.74 for the Dorot and Negba sites, respectively. Note that the Acacia classification was related to the
leaf spectral signal, and not to the flowering signal in the hyperspectral image. Detailed information
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Classes with high accuracy were the ‘Acacia’ class (0.93), green annuals (0.95), dark soils (0.93) and
(0.98) (Table 2). The classes that had moderate accuracy were yellow annuals (0.74), and bright soils
(0.77). The resulting spatial pattern agreed with our knowledge of Acacia distribution, complemented
the findings of Paz-Kagan et al. [35] at the study sites, and matched additional ground training data
with 88% accuracy. The ground training includes 30 sites in the study area where we verified by
presence and absence of the IPS. The spectral signature of the different classes is shown in Figure 6.
The spectral signature of Acacia and the annual yellow flowering were similar. Nevertheless, we were
able to classify the yellow annuals with 0.74% accuracy. The prediction of Acacia in the 13-km2 area
was about 10% cover. The spatial distribution of Acacia was not random and displayed a clear pattern
in the landscape (Figure 7).
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Figure 6. Spectral signatures used for classifying the invasive plant species in the study area based on
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(IPS) the
map
based on
WorldView-2
color
represents
the two
location
ofsites
Acacia
trees.
IPScolor
distribution
map
was
used toinvasion
develop area,
a density
(a),
zoomed
for the
study
(b,c).
TheThe
green
represents
the
potential
and
mapred
of the
focal
species.the location of Acacia trees. The IPS distribution map was used to develop a
the
color
represents
density map of the focal species.

Table 2. Confusion matrix for the Acacia species mapping on the validation dataset using the support
vector machine (SVM) model.

Classes
Acacia
Green annual

Acacia
548
15

Annual
Green
5
375

Dark
Soil
0
1

Bright
Soil
1
3

Trees
1
2

Yellow
Annuals
23
2

Total
Pixels
578
398
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Table 2. Confusion matrix for the Acacia species mapping on the validation dataset using the support
vector machine (SVM) model.
Classes

Acacia

Annual
Green

Dark Soil

Bright
Soil

Trees

Yellow
Annuals

Total
Pixels

Acacia

548

5

0

1

1

23

578

Green annual

15

375

1

3

2

2

398

Dark soil

3

0

300

32

2

0

337

Bright soil

1

0

24

145

0

2

172

Trees

6

1

0

0

995

0

1002

Yellow annuals

12

0

0

6

0

79

97

Total pixels
Total accuracy

585

381

325

187

1000

106

2584

93.68

95.91

92.02

77.54

98.71

74.53

89.32

3.3. Environmental and Human Factors
The performance of the RF machine-learning model had a coefficient of determination (R2 ) of 0.85
for the Acacia density and indicated a hierarchy of environmental factors. Figure 8 shows the results of
the relative influence of the potential explanatory environmental factors used in the RF model to assess
AcaciaRemote
density
dependency plots (PDP) based on the RF model were used to
explore
Sens.(Figure
2019, 11, x8).
FORPartial
PEER REVIEW
12 of
20
how individual predictor values influenced the Acacia density (Figure 9). PDPs do not highlight the
density
of the invasive
species.
In addition,
we all
found
that there
was afor
greater
probability
for a higher that
nonlinear
interactions
between
variables
since
variables
except
the one
being examined
o. Increased distance from settlements and
density
of the[53].
invasive
speciesindicate
in temperatures
of 20 Cprobability
are held
constant
The PDPs
the non-linear
of higher density of the invasive
roads
was related
a lower
density
theainvasive
We found
that topography
an
species.
In addition,
wetofound
that
there of
was
greater species.
probability
for a higher
density ofplayed
the invasive
essential role in mediating
the invaded species density: a significantly higher probability of Acacia
◦
species in temperatures of 20 C. Increased distance from settlements and roads was related to a lower
density was found on steeper slopes and northern-facing slopes. Regarding soil classifications, we
density
of the invasive species. We found that topography played an essential role in mediating the
found that sandy soil showed a higher density of the invasive species. Finally, pine forests and open
invaded
species
density:
a significantly
higheraprobability
of Acacia
densityspecies
was found
areas
with natural
vegetation
also displayed
higher density
of the invasive
basedon
on steeper
the
slopesforest
and northern-facing
slopes.
Regarding
soil
classifications,
we
found
that
sandy
soil
showed a
classification map.
higher density of the invasive species. Finally, pine forests and open areas with natural vegetation also
displayed a higher density of the invasive species based on the forest classification map.

Figure 8. Relative influence of the potential explanatory environmental factors used in the random
forest model to assess Acacia density.
Figure 8. Relative influence of the potential explanatory environmental factors used in the random
forest model to assess Acacia density.

Remote Sens. 2019, 11, x FOR PEER REVIEW
Remote Sens. 2019, 11, 953

13 of 20

12 of 18

Figure 9. Partial dependence plots (PDPs) display the change in the Acacia density over the range
of one predictor factor. The environmental factors include: (a) aspect (degrees); (b) slope steepness
(degrees); (c) distance from streams (m); (d) elevation (m); (e) temperature (◦ C); (f) distance from
settlements
(g)dependence
lithology (class);
and (h)display
land-use
Figure 9.(m);
Partial
plots (PDPs)
the(classes).
change in the Acacia density over the range of
one predictor factor. The environmental factors include: (a) aspect (degrees); (b) slope steepness
4. Discussion
(degrees); (c) distance from streams (m); (d) elevation (m); (e) temperature (Co); (f) distance from
settlements
(m); (g) lithology
(class);
and (h) land-use
We sought to identify
and better
understand
the key(classes).
factors influencing IPS distribution of invasive

Acacia trees in the coastal plain of Israel. IPS identification was based on the leafing and flowering
4. Discussion
phenological stage, using multispectral imagery at the species level. We showed that the phenological
We sought
to identify and
better sources
understand
the and
key factors
influencing
IPS distribution
of
stage required
the integration
of several
of data
additional
prior knowledge
regarding
treesarea
in the
plain of
Israel.distribution
IPS identification
was based
on were
the leafing
and
the invasive
potentialAcacia
invasion
of coastal
the species.
Acacia
and density
maps
developed
flowering
stage,
using which
multispectral
imagery
at the species
level.an
Weoverall
showed
that theof
based
on highphenological
classification
accuracy,
provided
an accurate
extent with
accuracy
phenological
required
of several
of data andimage.
additional
prior knowledge
89.3%
accuracy stage
and 93.7%
forthe
theintegration
Acacia class,
using sources
the multispectral
Examining
the effect
regarding
the
potential
invasion
area
of
the
species.
Acacia
distribution
and
density
maps
were
of environmental and human factors on invasive species density revealed that elevation, distance
developed
based
on
high
classification
accuracy,
which
provided
an
accurate
extent
with
an
overall
from settlements roads and rivers, and temperature patterns had the highest relative impact on Acacia
accuracy of 89.3% accuracy and 93.7% for the Acacia class, using the multispectral image. Examining
density.
We suggest that these environmental factors demonstrate the effect of site suitability for the
the effect of environmental and human factors on invasive species density revealed that elevation,
invader. Moreover, we found that the invasive species density was significantly affected by human
distance from settlements roads and rivers, and temperature patterns had the highest relative impact
disturbance, perceptible by the distance from settlements, roads, and the effect of planted forest type.
on Acacia density. We suggest that these environmental factors demonstrate the effect of site
the and
invader.
Moreover,Data
we found that the invasive species density was significantly
4.1.suitability
Integratedfor
Hyper
Multi-Spectral
affected by human disturbance, perceptible by the distance from settlements, roads, and the effect of
Remote
sensing
planted
forest
type. plays an active role in the efforts to detect, monitor, and manage IPS.
Paz-Kagan et al. [35] developed species distribution maps based on leaf spectral data using IS.
4.1. were
Integrated
Hyper andused
Multi-Spectral
Data
These
successfully
to identify
and train IPS in the communities they invade, enabling
accurate identification of future areas of potential invasion [43]. The ability to train species distribution
maps based on IS to multispectral satellite data might minimize the need for extensive, traditional
ground survey methods, thus enabling coverage of large areas. The unique bands of WorldView-2,
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especially the yellow band, could be considered as essential for distinguishing yellow flowering in
Acacia stands. Previous studies that used WorldView-2 images have also shown the importance of the
new yellow and red-edge bands in improving woody vegetation discrimination, due to the detection of
pigment contents in canopies [54]. Furthermore, the high spatial resolution of the WorldView-2 image
enables distinguishing between the differences of Acacia crowns and other yellow flowering annuals.
The strategy of training species distribution maps based on IS, together with satellite imagery
targeted at the flowering stage enabled identifying IPS and tracking their spread. These findings
could help in determining the ecological consequences of the IPS, and provide detailed geographic
information for management efforts to prevent future Acacia spread. Applying our suggested approach
on a yearly basis would enable studying the rate and the range of invasive species spread and
infestation, which have a negative impact on natural ecosystems worldwide in general, and in Israel in
particular [38,55]. It was found that IPS such as Acacia significantly reduced the richness of local species
in some areas, and is the first colonizer that can be found in most edge areas [35]. The four stages of
invasion, transport, colonization, establishment, and landscape spread, appeared at different spatial
and temporal scales [6]. The identification of invasion at the early stage may enable us to understand
the interaction between the IPS and environmental characteristics. Furthermore, early detection of
IPS could allow cost-effective management of the IPS using multispectral imagery. Our approach
could be applied using satellite data with high revisit frequencies on large spatial scales to improve IPS
detection at early stages of invasion. Broadening the scale of observation is especially important in the
case of IPS phenology monitoring to identify the stages of invasion since damage to the ecosystem can
accelerate detection of the IPS.
4.2. Environmental and Human Factors
The pattern of the spatial distribution of Acacia was not random, and rather it was influenced by
environmental and human factors. After mapping the invasive plant distribution and modeling density,
we found that elevation, distances from settlements roads and rivers, and temperature pattern were
potential drivers of invader performance at the landscape scale. These factors relate to the preferences
of the species distributions and site suitability. Several studies suggested that IPS performance is
driven by environmental factors, and is context dependent [11]. Environmental factors constrain plant
establishment and dispersal and usually determine invasion success [56]. IPS performance shows
greater success (dominance or high density) in favorable environmental conditions, which indicate
where and how these environmental factors constrain invasion success [57]. As demonstrated in the
RF analysis, the above-mentioned environmental conditions interact, and may constrain the success of
IPS. In such cases, the host plant community outperformed the IPS.
For example, land surface temperature, an environmental factor that showed high relative
influence on IPS density, could be related to the flowering signal. Morais and Freitas [58], suggested
that the phenology phases of Acacia species were strongly associated with temperature patterns and
conditions, the temperature being the most significant predictor of the phenological cycle [59]. Also,
studies using remote sensing application [60] have shown that land surface temperature contributes
to predicting ecological niches and species distributions. Another example of environmental factors
affecting IPS density is soil type. Sandy soil, a favorable environment for Acacia, has been attributed
to Acacias’ pre-adaptation to the Mediterranean climate and the ability to cope with nutrient-poor
soils [40]. Studies have shown that invasive Acacia increases the nitrogen status of the soil, which
may provide these species with a competitive advantage over the native vegetation in poor sandy
soils [61]. A third environmental effect could be IPS productivity success represented by NDVI since
IPS have high abundance or dominance due to a higher growth rate, higher resource use efficiency,
and reproductive success relative to local native species [12]. However, we did not find a high relative
influence of NDVI on Acacia density.
As is well known, anthropogenic causes are the primary factor in the dispersal of invasive plant
species [62]. Human disturbances alter the landscape and spatial arrangement of various elements
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that affect the spread of IPS [6], which disperse best through strips of human-disturbed habitat or
‘disturbance corridors’ and pathways [63]. In the current study, we found that distance from roads and
settlements had a high relative influence on IPS density. These include roads, trails, and power lines
that serve as intact habitats or vectors for dispersal of the invasive species [64]. Disturbed corridors
result from the removal of native vegetation, creating corridors with disturbed soil, high illumination
levels, altered hydrology, and destruction of the native seed bank [63], become a pathway for dispersal.
Often, these disturbances create favorable conditions for colonization and establishment of IPS [6].
Our results show that distance from settlements and roads provide corridors and pathways for the
dispersal of Acacia. The main reasons for the IPS establishment along corridors are related to edge
effects and fragmentation where edge-effect related to abrupt transition between habitats or ecosystems
introduce changes characterized in resource distribution and biotic interaction change, which affect
plant and animal species distribution [65] These contusions are typically related to disturbed habitat,
thus favorable for invasive species [66–68].
The potential of IPS to spread from a disturbed area to the native community increases
fragmentation and edge effects [68]. Spatial information on the fragmentation and edge effects
and on pathways of IPS are essential for monitoring, risk assessment, management of IPS and
controlling their future spread. Management and control of IPS are very costly and required sustained
investment over long pried of time, especially when the IPS have large and long-living seed bank,
like the Acacias [69]. Our understanding of large-scale invasion mechanisms may help us to narrow
management efforts to specific areas, in which control and management may be adequate to prevent
future spread of the Acacia. The suggested framework could assist in identifying and delineating
the pathway of dispersal, in directing restoration efforts and in controlling the stage of infestation.
This highlights the importance of studying the effect of both human and environmental factors on
IPS dispersal. Future studies should focus on the vectors for dispersal and pathway of disturbance to
minimize future plant invasions.
Overall, our results reveal that environmental and human factors can identify where the IPS is likely
to spread successfully. Our understanding of large-scale and spatially explicit species performance
may help managers to monitor where IPS are likely to be successful invaders. One of the limitations
of this approach is the need for accurate and high-resolution environmental and human factors data.
For example, high-resolution digital elevation models, detailed soil maps, and climatic data may
improve understanding of IPS patterns in the landscape they invaded [12]. Fine-scale environmental
conditions such as nutrient availability, temperature pattern, and precipitation, or wind speed may
drive invasion within small areas and improve our understanding of the mechanisms underlying
successful plant invasions.
5. Conclusions
Our study has shown that integrating different sources of remote sensing data (hyper and
multispectral) to identify IPS can be applied at the landscape scale and can be used for understanding
the mechanisms underlying successful invasions. IS could be used to identify the IPS based on leaf
signal, whereas satellite data further reinforced identification of the species utilizing the flowering
signal. Acacia, an aggressive invasive species, can be monitored and managed on a large scale, based
on unique phenological signals. Our suggested approach could aid management efforts in preventing
future spread. The species distribution model and density maps were used to isolate environmental and
human factors that constrain invasion success. Our knowledge concerning the outcome, spread and
severity of invasion can prioritize management strategies and mitigate adverse impacts. Our suggested
approach could assist in determining the environmental consequences of IPS and provide detailed
geographic information for management and conservation efforts to prevent future spread. Knowing
where and why invasion patterns change throughout the landscape will enable managers to deploy
the site- and species-specific controls on IPS spread in the landscape.
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Appendix A
Table A1. The Spearman Rank Correlation Test between predictor variables of the selected
environmental factors. The bold number represents a correlation that is higher than R ≥ 0.5.
Distance from
Settlement

Distance
from
Streams

NDVI

Temperature Land-Use Soil

Lithology

Elevation

Aspect

Slope

Elevation
Aspect
Slope
Distance
from
settlement
Distance
from
Streams
NDVI
Temperature
Land-use
Soil
Lithology

1.00
−0.01
0.40

1.00
−0.06

1.00

0.20

−0.03

0.09

1.00

0.60

0.10

0.23

0.09

1.00

−0.24
0.00
0.07
0.60
−0.07

0.02
−0.03
−0.04
0.02
0.01

−0.14
−0.03
0.03
0.28
−0.11

−0.11
0.01
0.29
0.11
−0.14

−0.23
0.06
0.05
0.50
−0.04

1.00
−0.08
−0.05
−0.26
0.08

1.00
−0.12
−0.02
0.07

1.00
0.03
−0.07

1.00
0.01

1.00

Forest type

−0.18

0.05

−0.03

−0.20

−0.19

0.07

0.01

−0.24

−0.10

0.12

Forest
Type

1.00

Table A2. The class code for the environmental variables shown in Figures 4 and 9. The classes include
data from pedology, lithology, JNF forest type, and land-use type.
Pedology Class

Lithology Class

E1

Alkaline soils

1

E2

Pre-Randzina

6

K1
K2
K3
W3

Dark brown
sandy land
Brown soils
Ranzina
Sandy soils

5

Clay, silt, sand, gravel
(Alluvium soil)
Red silty sandstone
loam
Sandstone

Forest Type

Land Use

1103

Pinus brutia

600

Settlements and roads

1104

Stone pine

608

Cultivated -agriculture

1105

Pinus halepensis

609

Abandoned cultivated area

1106
1100
1200
1204
1900
1991
2000
2100
2108
2113
2200
2211
2900
2990
2995
3000
3060
3910
3920
3930
3960
3971
3981
4000
9900
9990

Pinus canariensis C. Smith
Pinus
Cupressus
Mediterranean cypress
Mixed coniferous forest
Mixed coniferous forest
Broad-leafed trees
Eucalyptus
Eucalyptus omphocephala
Eucalyptus camaldulensis
Acacia
Acacia saligna
Broad-leafed Mixed forest
Fruit trees
Ceratonia siliqua
Flora Palaestina
Tamarisk
Natural Mediterranean forest
Natural Mediterranean forest
Natural Mediterranean forest
Natural Mediterranean forest
Natural Mediterranean forest
Natural Mediterranean forest
Natural Mediterranean forest
open landscape
open landscape

611
612
620
621
624
626
627
632
634
646
652
653
654
655
656
657
658
660
664
665

Stony area covered with vegetation
Sandy soils covered with vegetation
Forest
Forest
Planted Forest
Grove
Shrubland
Inactive floodplain
Badlands
Disturbed area
Garden or park
Sports ground
Playground
Open area
Plastered surface
Junkyard
Garbage dump area
Orchards
Grapevine
Citrus orchard
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