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Abstract. Land use changes are one of the most important factors causing environmental
transformations and species diversity alterations. The aim of the current study was to develop
a geoinformatics-based framework to quantify alpha and beta diversity indices in two sites in
Israel with different land uses, i.e., an agricultural system of fruit orchards, an afforestation
system of planted groves, and an unmanaged system of groves. The framework comprises four
scaling steps: (1) classification of a tree species distribution (SD) map using imaging spectroscopy (IS) at a pixel size of 1 m; (2) estimation of local species richness by calculating the
alpha diversity index for 30-m grid cells; (3) calculation of beta diversity for different land use
categories and sub-categories at different sizes; and (4) calculation of the beta diversity difference between the two sites. The SD was classified based on a hyperspectral image with 448
bands within the 380–2500 nm spectral range and a spatial resolution of 1 m. Twenty-three
tree species were classified with high overall accuracy values of 82.57% and 86.93% for the two
sites. Significantly high values of the alpha index characterize the unmanaged land use, and the
lowest values were calculated for the agricultural land use. In addition, high values of alpha
indices were found at the borders between the polygons related to the “edge-effect”
phenomenon, whereas low alpha indices were found in areas with high invasion species rates.
The beta index value, calculated for 58 polygons, was significantly lower in the agricultural
land use. The suggested framework of this study succeeded in quantifying land use effects on
tree species distribution, evenness, and richness. IS and spatial statistics techniques offer an
opportunity to study woody plant species variation with a multiscale approach that is useful
for managing land use, especially under increasing environmental changes.
Key words: alpha diversity; beta diversity; canopy classification; edge effect; forest management; imaging spectroscopy; land use change; spatial statistics.

INTRODUCTION
Spatial modeling of woody plant species diversity is
commonly used to forecast the effect of environmental
change on ecosystem function and structure, to detect
biodiversity hotspots, and to map invasion species (e.g.,
Guisan and Thuiller 2005). These modeling approaches
are used to support ecological studies and, more specifically, to implement management policies regarding species diversity and composition. The patterns of land use
change (LUC) in woody plant species distribution contain important information about the alterations in
plant structure and function (Kearney and Porter 2009).
LUCs are among the most important factors causing
environmental change, biodiversity loss, and alteration
in ecosystem services (Falcucci et al. 2007, D’Odorico
et al. 2013, Newbold et al. 2015). These changes are
associated with habitat transformation that may cause
degradation and fragmentation of a natural habitat
(Ojima et al. 1994, Newbold et al. 2015). Traditional
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methods of field identification and mapping-based
assessment of woody plant species diversity are time
consuming, especially when dealing with spatial patterns
at the landscape scale. These methods are also limited by
the availability of information and the time scale (Schimel et al. 2013). To this end, new technological innovations and modeling approaches are required to create
operational woody plant species diversity mapping techniques under changed land uses. Eventually, these can be
used to quantify and assess the impact of habitat alterations due to LUCs on species composition on different
spatial dimensions.
Spectral characterization and mapping of species
composition are among a few of the key current frontline objectives in ecology and remote sensing science.
During recent years, extensive research has been devoted
to using remote sensing data for biodiversity estimation
(e.g., Carlson et al. 2007a, Somers and Asner 2014,
Lausch et al. 2016). Remote sensing can provide spatially continuous information on landscape morphology
variation, vegetation function and structure, and other
biodiversity covariates over large areas (Turner et al.
2003). Furthermore, the combination of high spatial and
spectral resolutions extracted by imaging spectroscopy
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(IS) provides a powerful technique for identifying, classifying, and mapping biodiversity based on plant biophysical properties (Fassnacht et al. 2016). Consequently, IS
can be used to derive crucial details for exploring and
monitoring different ecosystem processes and functional
traits, such as nitrogen, carbon, and canopy water content, etc. (Asner et al. 2015a).
Approaches for mapping biodiversity may focus on
quantifying the distributions of individual species or
mapping ecological communities. Two principal terms
have been defined for this process: alpha (a) diversity,
generally expressed as the local species richness, or number of species found within a site; and beta (b) diversity,
which calculates the difference in species composition
between sites. Alpha diversity relates the number of species to the number of individuals per area and results in
a diversity index that represents a measure of the richness, abundance, and evenness within a sampling area.
Alpha indices are independent of their location and
require no prior knowledge. The differences between
alpha and beta diversity are related to the scale of the
comparison. Alpha diversity represents the diversity
within each site (local species pool), while beta diversity
represents the differences in species composition between
the sites. Beta diversity is a useful metric that relates the
species composition of a local area to the diversity of a
region, and provides information on the spatial variation
in species composition (Legendre and De Caceres 2013).
Since beta diversity is used to compare different sites,
spatial definitions are necessary and affect the interpretation (Koleff et al. 2003, Baselga 2012).
Alpha and beta diversity indices can highlight biodiversity hotspots in a given area or can elucidate edge
effects or habitat alterations. Moreover, diversity indices,
implemented on a large spatial scale, can be used to
quantify and provide information describing ecological
processes that govern species distributions, in different
land uses (Feilhauer and Schmidtlein 2009). Beta diversity is a particularly useful metric that describes and
compares species composition at several spatial scales.
To date, most studies have focused on alpha diversity
(Carlson et al. 2007a, Rocchini 2007, Saatchi et al. 2008)
and mapping species distributions within sites (Guisan
and Zimmermann 2000), while only a limited number of
studies have focused on beta diversity estimations (e.g.,
Hernandez-Stefanoni et al. 2012, Baldeck and Asner
2013).
There are two main approaches in indexing alpha and
beta diversity. The first comprises environmental variables
determined through species habitat associations, often termed species turnover. Species turnover is related to species with varying tolerances to environmental gradients,
displaying different distribution patterns in accord with
environmental attributes (Soininen et al. 2007, GallardoCruz et al. 2009). The environmental gradient can be
related to topography and the substrate gradient (Dahlin
et al. 2013). The second approach is often termed species
variation, referring to the spatial structure associated with
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species assemblages owing to processes driven by dispersal, population aggregation, or disturbances. Species variation usually includes human disturbances and land use
effects (Morlon et al. 2008). Most of the studies making
use of diversity indices by IS (such as mapping beta diversity) have focused on ecological conditions, particularly in
relation to environmental gradients (e.g., Ustin et al.
2004, Hern
andez-Stefanoni et al. 2012). In these studies,
twofold scale dependences of alpha and beta diversity
were used, owing to the size of sampled units as their
mutual distances in the environmental gradient (Feilhauer
and Schmidtlein 2009, Baldeck and Asner 2013, Rocchini
et al. 2015). These studies developed a predictive mapping
method to generate species diversity maps under environmental gradients. To do so, the beta diversity index was
used to compare the diversity through a moving-window
technique that identifies discrete areas with steep gradients (Feret and Asner 2014). However, to the best of our
knowledge, only a few studies have dealt with human disturbances and land use effects by calculating diversity
indices at a spatial scale based on the combination of IS
and spatial statistics (Turner et al. 2003, Chambers et al.
2007).
It is well known that environmental changes caused by
land use or other anthropogenic influences may cause
simplification of plant communities (Gaston 2000, Cardinale et al. 2012). These often have knock-on effects on
species diversity or other processes within the ecosystem
that can be estimated by alpha and beta indices using IS
(Tilman et al. 1997, Wilsey and Potvin 2000). The aim
of current study was to develop a geoinformatics-based
framework (combining IS and spatial statistics) for mapping alpha and beta diversity in human-transformed systems that have been highly affected by LUCs. The
suggested framework may enable us to quantify the
effect of land use on species variation at a regional scale.
The research questions are the following: (1) Can we
quantify the effect of land use on species composition in
terms of species variation with alpha and beta indices?
(2) How does land use management affect species variation at a landscape scale? And (3) can alpha and beta
indices be used to study the effect of invasive species and
edges on a landscape scale? To fulfill this goal, IS was
analyzed and classified to produce woody plant species
distribution (SD) maps. The species classification maps
were combined with prior knowledge of land use and
management to calculate beta diversity indices for two
sites in the coastal plain area of Israel.
METHODS
Study sites
The two study sites, namely Dorot (31°320 13.35 N,
34°370 18.61 E) and Negba (31°400 14.87 N, 34°390 53.40 E),
were selected for answering the abovementioned research
questions. These sites are located in the southern coastal
plain of Israel (Fig. 1), they lie on the transition zone
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between the semiarid and Mediterranean climate zones
and differ in their environmental conditions, precipitation, soil properties, and management regimes. The soil in
the Dorot site is mainly constituted by alluvial soils, while
the Negba site is mainly characterized by rendzina overlying chalk and limestone rocks. The average annual precipitation in Dorot is about 383.4 mm and in Negba, about
480.5 mm. During the last few decades, considerable land
use changes have occurred in these areas (Rozenstein and
Karnieli 2011). The geographical land use distribution
changed due to large afforestation programs led by the
Jewish National Fund (JNF) in an attempt to combat
desertification, as well as to prevent soil erosion and land
degradation in small watersheds (Mussery et al. 2013). In
addition, the areas were subjected to massive agricultural
cultivation, irrigation and fertilization, increasing population and urbanization, road development, and new water
infrastructure and carriers.
This area is also highly affected by invasive plants,
mainly by Acacia saliicina and Acacia saligna that were
brought to Israel as early as the beginning of the

Dorot Site

twentieth century by British officials and the first Jewish
settlers. They were expected to aid in the soil conservation of precipitous slopes and in the stabilization of
shifting sands as protection for development (such as
transportation arteries, agricultural lands, and residential areas; Bar et al. 2004). Since their introduction, they
have become highly aggressive invasive species and are
indicators of disturbed habitats in large areas of Israel.
Land use categories
In both sites, the land use categories include different
proportions: (1) an agricultural system of fruit orchards,
(2) an afforestation system of planted groves, and (3) an
unmanaged system of groves that is self organized by
plant recolonization from the available natural species
pool. Fig. 2 presents the land use category proportions
and the sub-category map in the two study sites based on
prior knowledge of plantation maps. In the Dorot site,
the land use categories are an agricultural system of fruit
orchards (12.5%), an afforestation system of planted

Negba Site

Egypt

ISRAEL

FIG. 1. The Dorot and Negba study sites in the southern coastal plain of Israel and a true color image of the airborne
hyperspectral flight over the Dorot site and over the Negba site. [Color figure can be viewed at wileyonlinelibrary.com]
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FIG. 2. Land use category and sub-category maps using prior-knowledge planting maps in (a) the Dorot site; (b) the Negba site,
and (c) comparison between the land use distributions between the two study sites. [Color figure can be viewed at wileyonlinelibrary.com]

groves (27.5%), and an unmanaged system of (native and
invasive) groves (60.0%). The planting activities in this
site occurred from 1986 to 1991. In the Negba site, the
land use categories are an agricultural system of fruit
orchards (27.6%), an afforestation system of planted
groves (59%), and an unmanaged system of groves
(13.4%). Here the afforestation planting activity took
place in 1959, 1969, and 1998. The land use categories
are divided into sub-categories. In the two sites, the agricultural system of fruit orchards was sub-divided into
olive, pomegranate, and citrus. The afforestation system
planted grove sub-categories include cypress, eucalyptus,

and pine plantations. The unmanaged system of groves
includes two sub-categories of mixed groves and areas
occupied by invasive species. The proportions of the land
use categories and sub-categories are different between
the two sites. In the Dorot site, which is dominated by a
dry watershed, the unmanaged system of mixed groves
has the largest areal coverage. Conversely, in the Negba
site, the afforested systems with mainly planted pine species and with eucalyptus groves are the dominant subcategories. It is interesting to note that the plantings in
both sites are at least 20 years old, and the species composition may have changed from the original plantation
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which each pixel has a classification value representing
one of 23 classes found in both sites where each class
represents a specific species. The next scale focuses on
the local species richness in which the alpha diversity
index was calculated for a cell size of 30-m2 pixels. The
third level involves calculations of the beta diversity for
different land use categories and sub-categories within
each site. Here, the polygon sizes range between 2188
and 153,618 m2 and are based on land use designations
extracted from prior-knowledge planting maps (Fig. 2).
The final scale examines the beta index differences
between the two sites (Table 1).

categories, creating new species assemblages. These species shifts are due to natural processes, such as competition, immigration, and the establishment of external
species in the different sites. Overall, a total of 23 different tree species were mapped within the two study sites.
Methodological framework
The alpha and beta diversity calculations were based
on a combination of spectral and plantation data sets as
illustrated in Fig. 3. The framework comprises four scaling steps. The first and most basic is the SD map in

a) Species distribuƟon (SD) map
Imaging spectroscopy rectification
Shades and background masking
Tree species ground identification
Classification and majority filter
Accuracy assessmentr
SD classification map

b) Local species richness
within site

c) Species composition
between sites

d)
Grid cell of 30 m

Beta diversity
difference

Polygons of forest land-use
classes and sub-classes

Shannon index alpha
diversity for each grid cell

Beta diversity for each
polygon

Modeling and mapping
alpha diversity

Modeling and mapping
beta evenness diversity

FIG. 3. Diagrammatic representation of the steps for estimating alpha diversity based on a grid of 30-m resolution and beta
diversity using a priori knowledge polygons of land use category maps: (a) steps for developing the species distribution map, (b)
steps for estimating local species richness within sites, (c) the steps for estimating species composition between sites, and (d) index
differences between the two sites. [Color figure can be viewed at wileyonlinelibrary.com]
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TABLE 1. Characteristics of the four scaling steps involved in the study.
Sampling unit
(1) Pixel
(2) Grid cell
(3) Polygon

(4) Site

Spatial size
2

1m
30 m2
<80 m2
changed according to management

image (flight line)

Possible categories
Tree species.
Land use: unmanaged groves, planted groves, fruit orchards.
Land use categories: fruit orchards (olive, pomegranate, citrus);
planted groves (cypress, eucalyptus, pine); unmanaged groves
(mixed groves, invasive species [acacia]).
Negba and Dorot sites.

Notes: (1) Trees species map at 1-m pixel resolution; (2) local species richness expressed as the alpha diversity index for a cell size
of 30-m pixels; (3) beta diversity for different land use areas within each site, according to the different category and sub-category
sizes; (4) beta diversity for different land use areas between the sites.

Airborne and field data collection
The flight campaign took place on 19 September 2014
over the two Israeli sites. AisaFENIX is a single optical
hyperspectral sensor that provides a continuous
image, covering the VIS-NIR–SWIR spectral regions
(380–2500 nm) with 448 spectral bands. The sensor was
mounted onboard a light aircraft that was flown at an
altitude of 762 m, resulting in a spatial resolution of
1 m. The campaign was carried out at the end of the dry
season to minimize the effects of soil water content,
annual vegetation, and cloud effects. During the campaigns, the sky was clear and most of the annuals were
dry. AisaFENIX raw data were preprocessed using
the CaligeoPRO software (Spectral Imaging Ltd. Oulu,
Finland), resulting in georectified radiance images. The
radiance images were atmospherically corrected using
the ACORN-4 software (ImSpec, Advanced Imaging
and Spectroscopy, Boulder, Colorado, USA) with a gain
factor derived from the supervised vicarious calibration
image processing site. The resulting reflectance image
was used henceforth. In addition, the atmospheric water
absorption bands at 1340–1448 and 1792–2000 nm were
eliminated from the process. Prior to the analysis of the
images, the crown spectral data were filtered to include
only well-lit vegetation pixels. This was carried out by
applying a mask threshold of 0.5 of the normalized difference vegetation index (NDVI; Tucker 1979) for
removing pixels containing large portions of soil and dry
annual plants. In addition, pre-classification maps using
Satellite Image Automatic Mapper (SIAMTM, Modena,
Italy) were generated to remove shaded areas from the
images (Baraldi et al. 2013).
Spectral species classification
Within the flight swathes, 370 individual woody plant
crowns were identified to the species level and georeferenced in the field with a hand-held global positioning system (GPS) unit with 2-m accuracy. These data were
extracted to construct a library of species spectral characteristics. A supervised classification of species crowns,
using the support vector machine (SVM) methodology,
was applied. SVM is a classification technique recommended for classifying data based on relatively small

amounts of training data (Colgan et al. 2012, Feret and
Asner 2013, Baldeck et al. 2014). It is a kernel-based
method that performs classification tasks by constructing
hyper-planes in a multidimensional space to separate samples of different class labels. To create the SVM classification, the crown spectra were grouped into 23 classes, each
class having more than 110 pixels and representing a minimum of five different tree crowns (Table 2). The SVM
classification model was applied with a full cross-validation using a 70–30 split ratio between the calibration and
the validation sets. The overall numbers of pixels in the
classification training data were 11,535 and 13,500 in the
Dorot and Negba sites, respectively. The classification
accuracy assessment and evaluation were quantified using
the overall classification accuracy and the Kappa coefficient, calculated from an error (confusion matrix) (Foody
2002). Image resampling and data extraction were implemented in ENVI 4.8 software in an IDL 8.2 environment.
The SVM model was applied in MATLAB with PLSToolbox (Eigenvector Research, Manson, Washington,
USA). To address the inherent per-pixel classifiers’ “salt
and pepper” noise (Lu and Weng 2007), the classification
output was subjected to a low-pass majority filter. A postclassification confusion matrix of tree crowns was tested
based on the calibration and a validation split data set
that was randomly selected. The final output of this procedure was the SD map that is based on the pixel scale.
Modeling and mapping alpha and beta diversity
The alpha diversity index represents the second spatial
scale level as local description of diversity within sites.
The calculations of alpha diversity required information
on the total number of species in each sample and on the
number of species individuals in each sample. The objective was to characterize the species distribution based on
a remote sensing image, with field data sampling of
crowns as a training data set. The method used here is
based on the approach described in Feret and Asner
(2014) that takes into account the vegetation density estimation since identifying individual tree crowns is not
always possible. Therefore, the number of individuals per
species count is substituted by their proportional percent
cover in the sample. Thus, to create the alpha diversity
map, all areas within the SD map were divided into
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TABLE 2. Tree species names for the two study sites along with the number of crowns used for the classification, mean pixel
number per class, and standard deviation (SD) of the selected species crown size.
Dorot site
Species name

Mean  SD

No. crowns

Amygdalus communis L
Bauhinia variegata
Jacaranda mimosifolia
Tipuana tipu
Acacia saliicina and saligna
Ceratonia siliqua
Citrus sinensis
Citrus paradisi
Cupressus sempervirens
Eucalyptus sp.
Ficus carica
Ficus palmata Forssk
Melia azedarach
Opuntia ficus-indica
Pinus pine, brutia, and halepensis
Prunus persica
Punica granatum
Ricinus communis
Tamarix nilotica (Ehrend.)Bunge
Washingtonia robusta
Zizphus spina (L.)Desf
Olea europaea L.
Total

H0 ¼

pi  logðpi Þ

No. crowns

Mean  SD

75  15

5

72  45

25
11
10
14
13
10
10

99
83
48.3
52.5
87.6
70.4








45
36
23
17.2
48.6
30.4

63  30.7

15







5
6
9
29
11

22.4
25.3
34
42.3
23

11.5
12.1
12.3
16.9
7.15

10
24

34.5  13.3
90  30.5

12
9

104.5  35.2
40.16  20.65

29
10
10

81.3  9.1
43  7.1
38.6  9.8

83.3  30

10
13

72  19.79
38.8  18.58
83.88  61

8
15
154

equally sized sample units by applying a grid of 30-m cells.
For each of these grid cells, the Shannon index, Hʹ (Shannon 1949), was calculated using the following equation:
n
X

Negba site

(1)

i¼1

where pi represents the relative proportion of individuals
of species i and n represents the total number of species
for each grid cell. It is important to note that the size of
a tree crown is different for each species (not to mention,
each individual), so the proportional percent cover is a
good estimate for abundance but is not a true individual
count (Feret and Asner 2014).
Beta diversity was calculated as an evenness index
(BetaE index, bE). This index evaluates and compares the
equability of species among habitats (here represented by
land use polygons). In this study, E refers to the evenness
at two scale levels: that of the land use categories and
sub-categories (third scale level) and the difference
between the two study sites (fourth scale level). For the
land use categories and sub-categories, maps of the agricultural system of fruit orchards, the afforestation system of planted groves, and the unmanaged groves were
based on prior knowledge databases that included extensive information on the different land uses. The bE index
for a polygon was obtained by dividing the average of all
sample units within a polygon of alpha indices by the linearization of the total number of species (Pielou 1967):

10
12
10
20
216

bE ¼

H 0
ln S

55.1
20.8
49.5
49.1
75







17.25
4.6
17.1
12.95
45.37

(2)

where ln S represents the total number of species in the
polygon, and H 0 is the average alpha diversity of all grid
cells within the polygon. For the evenness between sites
(fourth scaling step), the same calculation was applied
for each site (instead of polygons).
The differences between the land use categories and
sub-categories of the alpha and beta indices were tested
for their levels of significance at P = 0.05. Analyses of
variances for all parameters were tested using a oneway ANOVA statistical test, and the separation of
means was subjected to a Tukey test for significant differences. The statistical analyses were performed with
STATISTICA Version 12 software, Tulsa, Oklahoma
USA.
RESULTS
Classification to species map
Table 2 presents the average size of the tree crown
classes selected and rectified in the field for the SVM
classification model. The information collected in the
field is highly variable in terms of the number of labeled
pixels, tree crowns delineated, and the average size of
the tree crowns. There are substantial differences
between crown size classes that are related to the
differences between woody plant species, differences
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within species, and their abundance in the study sites.
The total number of woody plant crown classes in the
SVM classification included 154 and 216, with average
tree crown sizes of 84 and 75 m2, in the Dorot and
Negba sites, respectively. The SVM classification
resulted in high overall accuracy values of 82.57% and
86.93% (Kappa coefficients of 0.81 and 0.86) in the
Dorot and Negba sites, respectively (Tables 4, 5). The
machine-learning classification algorithms of the SVM
employed in this study achieved a high level of accuracy
in distinguishing between the 23 tree crown classes with
different levels of accuracy. Fig. 4 shows the average
spectral signature of the different woody plant species.
The variable importance in projection (VIP) was computed to reveal the score for each wavelength, and the
resultant diagnostic wavelengths are also shown in
Fig. 4. Figs. 5 and 6 present the results of the image
classification: the SD maps for the Dorot and Negba
sites, respectively. The SVM classification is based on
the spectral differences between woody plant species,
which related to their functional diversity. These land
uses greatly affected the species distribution within and
between sites effecting species distribution across the
landscape (Tables 3, 4, 5).
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Alpha diversity maps
Fig. 7A, B present the results of the alpha diversity
maps in the Dorot and Negba sites, respectively. The
alpha–Shannon index diversity map was calculated using
Eq. 1. The Shannon index of alpha diversity ranged from
0.01 to 1.89. There was a significant difference between
the three land use types (F2, 1598 = 158.3, P < 0.01). The
highest significance value was found in the unmanaged
land use, while the lowest value belonged to the agricultural system of fruit orchard land use in both the Dorot
and Negba sites. In both sites, the monocultural planted
eucalyptus groves had significantly low alpha diversity
index values (0.27) and were not significantly different
from the agricultural system. In areas that were highly
invaded by A. saliicina and A. saligna in the SD map, the
Shannon index was also significantly lower (0.32). The
average Shannon index in the polygons showed a significant reduction in the fruit orchard land use (F2,54 =
10.855, P < 0.01). It also displayed the same trend with
significantly high values in the unmanaged system with
mixed groves (F8,54 = 7.82; P < 0.01). Generally, high values of the Shannon index were found at the borders
between polygons of different land use categories (Fig. 7).
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FIG. 4. Spectral signatures of the different woody plant species from the study sites along with the location of diagnostic wavelengths extracted from the spectral variable importance in projection (VIP) analysis. [Color figure can be viewed at wileyonlinelibrary.com]
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Eucalyptus
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Cupressus

FIG. 5. The results of species diversity mapping (SD) in the Dorot site: (a) species diversity map and (b) zoom-in to a selected
area within the site. The classes are related to the different species; their full names are specified in Table 4. [Color figure can be
viewed at wileyonlinelibrary.com]
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FIG. 6. The results of species diversity mapping in the Negba site: (a) species diversity map and (b) zoom-in to a selected area
within the site. The classes are related to the different species; their full names are specified in Table 4. [Color figure can be viewed
at wileyonlinelibrary.com]

1476

Ecological Applications
Vol. 27, No. 5

TARIN PAZ-KAGAN ET AL.

TABLE 3. Percent cover of tree species within the Dorot and Negba sites, including species name, class name, native or planted species,
origin, and total species cover from each site. Bold values refer to the dominate species with percentage cover higher than 10%.
Total species cover (%)
Species name

Native/planted

Origin

Dorot

Amygdalus communis L
Amygdalus
Bauhinia variegate
Bauhinia
Jacaranda mimosifolia
Jacaranda
Tipuana tipu
Tipuana
Acacia saliicina and saligna
Acacia
Ceratonia siliqua
Ceratonia
Citrus sinensis
Citrus_s
Citrus paradise
Citrus_p
Cupressus sempervirens
Cupressus
Eucalyptus sp.
Eucalyptus
Ficus carica
Ficus_c
Ficus palmata Forssk
Ficus_p
Melia azedarach
Melia
Opuntia ficus-indica
Opuntia
Pinus pine, brutia and halepensis
Pinus
Prunus persica
Prunus
Punica granatum
Punica
Ricinus communis
Ricinus
Tamarix nilotica (Ehrend.)Bunge
Tamarix
Washingtonia robusta
Washingtonia

Tree ID

native
planted
planted
planted
invasive
planted
orchard
orchard
planted
planted
native
native
planted
planted
planted
orchard
orchard
invasive
native
planted

Mediterranean and South Asia
Eastern Asia (India, China)
South America
South American
Australia
Mediterranean, Europe, and Africa

0.44

Zizphus spina (L.)Desf
Olea europaea L.

native
orchard

Zizphus
Olive

Beta and evenness diversity map
Fig. 8A, B present the results of the land use categories
and sub-categories of the beta E index in the Dorot and
Negba sites, respectively. The betaE index was calculated
for 58 polygons in the two sites that represent different
land uses as the third scaling step. The betaE index ranges
from 0 to 1 and is significantly different between land use
designations (F2,54 = 21.3; P < 0.01). Fig. 9 presents the
statistical results of the average Shannon index and betaE
index with the different land use categories and sub-categories in the two sites. Statistics include average value,
standard deviation (SD), and indication of significant differences between categories and sub-categories represented with small letters. The agricultural system of fruit
orchards in both sites had significantly lower values in
comparison to other land uses. No significant differences
were found between the unmanaged groves and the
afforestation system. The unmanaged category is composed of two different sub-categories: mixed groves and
invaded areas. The two sub-categories showed inverted
beta E index trends. For example, the unmanaged groves
had the highest betaE index value (F8,48 = 12.2; P < 0.01).
On the other hand, areas invaded by A. saliicina and A.
saligna were characterized by a significantly low betaE
index value (F8,48 = 15.6; P < 0.05). Areas dominated by
A. saliicina and A. saligna fall under the unmanaged land
use category, thus reducing the overall betaE index of the
entire category. This demonstrates the effect of invasive

18.15
10.15
2.86
7.1
4.58
1.92
1.48

Mediterranean
Australia
Mediterranean
Mediterranean
Asia and Australia

3.45
4.06

Mediterranean

Mediterranean
Africa, Europe, and Asia
Spain, the Canary Islands,
Hawaii, Florida, and California
Africa and South Asia

0.25
13.54

0.16
31.83

Negba
0.2
0.17
0.75
17.7
0.56

2.1
18.7
2
1.4
23.8
2.4
1.88
3.69
1.61
1.12
21.9

species on the betaE index. The results of the betaE index
fourth scaling step represent the significant differences
between the Dorot and Negba sites. The Dorot site had a
significantly higher betaE index than that of the Negba
site (F1, 1441 = 13.9; P < 0.01). This suggests that the land
use proportions are responsible for these differences,
related to the large proportion of unmanaged groves
(60%) in the Dorot site as compared to the afforestation
system in the Negba site (59%).
DISCUSSION
Land use has generally been considered a local environmental issue, but it is becoming a force of global
importance (Foley et al. 2005). In the current study, we
developed a framework for estimating the effect of land
use on tree species diversity at a regional scale. We
focused on the distribution as a result of three land use
types (agricultural system of fruit orchards, afforestation
system of planted groves, and unmanaged system of
groves) in two sites in the southern coastal plain of
Israel. IS and spatial statistical analysis models were
used to develop SD maps, and to calculate alpha and
beta diversity indices in a multi-scale approach. The
results raise several issues for discussion including: the
importance of SD maps, land use prior knowledge,
alpha and beta index selection, and disturbance effects
such as invasive species and edge effects in the borders
between land uses.
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TABLE 4. Confusion matrix for the support vector machine model used for species mapping in the Dorot site. Bold values refer to the pixels that were accurately classified.
2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

1,273
20
34
0
0
3
32
21
15
3
19
50
5
14
98
29
1,616
0.79

2
181
0
0
0
0
0
3
5
10
0
0
0
4
1
6
212
0.85

4
2
212
0
0
0
1
31
6
2
2
7
32
9
0
25
333
0.64

0
0
0
1,150
0
0
5
0
0
0
0
0
0
5
2
0
1,162
0.99

0
0
0
0
594
0
0
0
0
40
0
10
0
0
0
0
644
0.92

1
0
0
0
1
294
18
0
0
2
0
3
0
3
0
0
322
0.91

26
3
7
0
0
34
1,572
3
2
0
242
49
7
14
9
28
1,996
0.79

24
0
18
0
0
0
0
530
33
17
7
16
14
34
1
11
705
0.75

6
9
1
0
0
0
0
29
164
6
0
0
2
34
1
0
252
0.65

5
22
2
0
0
2
0
12
3
115
0
8
56
2
6
8
241
0.48

30
15
5
0
0
0
10
10
4
2
1,572
10
3
90
8
4
1,763
0.89

20
1
0
0
0
0
0
0
15
0
0
450
0
0
0
0
486
0.92

1
11
15
0
0
0
0
13
5
12
0
6
322
8
0
14
407
0.79

0
2
0
0
0
0
0
16
13
3
0
0
5
225
1
0
265
0.85

18
20
12
0
0
1
3
16
7
14
13
0
3
0
2,300
3
2,410
0.95

7
3
3
0
0
0
2
1
0
6
0
5
8
21
0
630
686
0.92

1,417
289
309
1,150
595
334
1,643
685
272
232
1,855
614
457
463
2,427
758
13,500
0.86
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1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

1

Notes: The full species names are provided in Table 3. Species ID: 1, Acacia; 2, Bauhinia; 3, Ceratonia; 4, Ficus_C; 5, Prunus; 6, Cupressus; 7, Eucalyptus; 8, Ziziphus; 9, Jacaranda; 10,
Melia; 11, Olive; 12, Tamarix; 13, Tipuana; 14, Washingtonia; 15, Pinus; 16, Prunus.
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5
2
2
1
0
15
2
0
5
2
3
15
215
267
0.80
2
0
0
0
5
0
4
5
2
5
15
150
0
188
0.80
5
1
29
0
69
8
10
15
12
45
453
2
5
647
0.70
11
0
0
1
1
1
5
0
789
7
1
1
19
816
0.94
1
2
3
4
5
6
7
8
9
10
11
12
13

1,244
57
76
1
26
78
99
8
20
38
41
1
2
1,691
0.74

9
159
0
2
0
1
9
0
0
3
1
0
1
185
0.86

78
5
600
61
14
97
6
28
11
23
52
14
15
975
0.59

2
0
31
1,350
4
21
0
21
3
15
1
5
12
1,448
0.93

29
12
12
0
1,430
18
2
0
0
5
4
3
2
1,512
0.94

90
7
65
42
6
405
19
9
5
15
6
0
3
669
0.60

84
11
0
1
2
7
186
1
10
39
1
1
8
342
0.54

5
1
59
14
2
2
2
1,529
12
10
25
1
18
1,661
0.92

33
17
6
21
0
4
52
3
13
850
10
12
4
1,009
0.84

13
12
11
10
9
8
7
6
5
4
3
2
1

TABLE 5. Confusion matrix for the support vector machine model used for species mapping in the Negba site. Bold values refer to the pixels that were accurately classified.

Notes: The full species names are provided in Table 3. Species ID: 1, Acacia; 2, Amygdalus; 3, Citus_s; 4, Citus_p; 5, Eucalyptus; 6, Ficus_c; 7, Ficus_p; 8, Olive; 9, Pinus; 10,
Tamarix; 11, Cupressus; 12, Ricinus; 13, Opuntia.
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1,597
272
880
1,494
1,559
657
396
1,619
882
1,057
613
205
304
1,1535
0.81

1478

Ecological Applications
Vol. 27, No. 5

Species diversity map
Species diversity classification using IS relies on the
differences between woody plant species spectral signatures. The absorption bands that were identified are
associated with biochemical properties and some functionality traits of tree species (Carlson et al. 2007b, Baldeck and Asner 2014, Asner et al. 2015b). The VIP
result shows that the species classification is based on
spectral features such as pigments (500 and 120 nm),
nitrogen (1500 and 1700 nm), water content (970 and
1100 nm), and carbon, lignin, and cellulose (2020, 2150,
and 2350 nm, respectively), which are relevant to differences in leaf chemistry. The ability to predict specific
crowns and to produce the SD maps is not only based
on primary properties and specific band combinations,
but also on the range of secondary properties representing the entire spectral signature that improves the prediction ability. The accurate classification results of 23
classes in both sites confirm the promising capability
presented in previous studies regarding this technology
(e.g., Colgan et al. 2012, Somers and Asner 2014). Our
study agrees with other studies that present the great
advantages of the SVM technique to classify tree species
using IS in different ecosystems.
Calculation of diversity indices
There are several issues to be considered when assessing beta diversity indices: (1) the beta index variations,
(2) the spatial implementation of the index calculation
(turnover or variation of species), and (3) disturbances
causing shifts in the beta index.
While alpha diversity calculation is relatively well
defined, beta diversity is greatly influenced by the question asked, and many variations are offered by numerous
studies. Beta diversity is a general name for indices that
allow site comparisons based on proportional relationships between diversity measures such as richness, abundance, and evenness (Hill 1973, Mason et al. 2005). In
the current study, the betaE index was calculated, a wellestablished version of the beta index that is particularly
suitable for highlighting land use issues (Niedrist et al.
2009). BetaE quantifies (numerically) how equal the
community is (Pielou 1967). Land use practices that
change the species distributions are likely to alter the
ecosystem structure and function (Cardinale et al.
2012). For example, in an agricultural system of fruit
orchards, which is typically dominated by a single species, the expected results are low beta values (Niedrist
et al. 2009), while an unmanaged mixed forest is
expected to produce high beta values.
The edge or zone of transition between different land
uses affects the overall beta index. In the example presented in Fig. 5, there are additional species at the edge
of the mixed forest polygons affecting the afforestation
system. Although these constitute a small fraction of the
total number of samples in a polygon, the total number
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Alpha diversity index
a

b

FIG. 7. Species distribution map throughout the two sites: (a) Dorot and (b) Negba. Alpha diversity is based on the Shannon
index. [Color figure can be viewed at wileyonlinelibrary.com]

of species in the whole area drives the beta E index
upwards and overestimates diversity. To address this
problem, the betaE index, which is the ratio between the
total number of species and the averaged alpha diversity
index within a polygon (Whittaker 1972), was altered.
Instead, the betaE index that was used in this study is
calculated by dividing the average species richness in the
sample units (H0 ) within the polygon by the linearized average number of species in the sample units
within the polygon (ln S). This enables the index to normalize the effect of the cumulative species count within
the polygons.

Edge effect
Significantly higher values of the alpha and beta
indices characterized the unmanaged land use, while
the lowest values were found in the fruit orchards of
agricultural areas, as expected. In addition, we found
higher alpha diversity index values in the transition
between polygons representing the transition between
land uses; this is a good example of the edge effect, in
which species shift between neighboring plant categories or when invasive species are established within
the borders of the polygons (Figs. 7, 8). Edges are
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Beta diversity index
a

b

FIG. 8. Species distribution map throughout the two sites: (a) Dorot and (b) Negba. Beta diversity is based on an evenness
index between polygons. [Color figure can be viewed at wileyonlinelibrary.com]

defined as abrupt transitions between habitats or
ecosystems (Yahner 1988). Transitions result in changing resource distribution and biotic interactions (Oliveira et al. 2004) and impact plant and animal
distribution (Oliveira et al. 2004). Diversity often
increases near edges (especially in forest fragments) as a
result of invasion by organisms from areas adjacent to
the edge. This may affect both the land use interior and
the newly created open area causing the edge effect
(Pardini 2004). These conditions are typical of disturbed habitats (Chen et al. 1993) and favor species
invasion (Pardini 2004). Edges between different

habitats can be considered beneficial for biodiversity
(Harris 1988), but other studies (those focusing on
anthropogenic effects) consider the edge effect to be
deleterious (Harper et al. 2005, Cerboncini et al. 2015).
In landscapes fragmented by human activities, as in our
research sites, edge areas can become a dominant component of the landscape in which invasive species
become effective (Cadenasso and Pickett 2001, Holway
2005). This is evident in the study sites where A. saliicina and A. saligna were the flagship invasive species;
first colonizers can be found in most edges and dominate unmanaged areas.
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FIG. 9. (a) Statistical results of the average Shannon index with the different management regimes and land uses in the two sites
and (b) statistical results of the average beta index with the different land use categories and sub-categories in the two sites. Statistics
include average value, standard deviation, and indication of significant differences (P < 0.05) between land use sub-categories represented by small letters (a, b, c). The categories included the following land uses: agricultural system of fruit orchards (FO), afforestation system of planted groves (PG), and unmanaged system of groves (UNM). [Color figure can be viewed at wileyonlinelibrary.com]

Invasive species detection
Acacia saliicina and A. saligna are considered invasive
species that have a negative impact on natural ecosystems in Israel (Bar et al. 2004, Richardson and Kluge
2008). They colonize a wide range of ecological areas,
particularly those considered too harsh for other plants,
including barren slopes, sand dunes, and abandoned
lands. In the current study, it was found that A. saliicina
and A. saligna significantly reduced the local species
richness in some areas and, in other areas, were the first
colonizers that could be found in most edge areas
(Figs. 6, 7). In addition, we found that high abundances
of A. saliicina and A. saligna were located mainly on river
banks, along roads, and in waste locations, representing
disturbed areas. This confirms the findings of Vil
a et al.
(2011) who showed that species diversity decreases in
invaded sites (as with the overall reduction in the betaE
values of the unmanaged land use). The invasion is usually divided into four stages including: transport, colonization, establishment, and landscape spread, which

occur in different spatial and temporal scales (Theoharides and Dukes 2007). In the current study, we identified different invasive stages that affect the alpha and
beta indices in diverse ways: areas that are in the colonization stage display higher alpha diversity, mainly in
edges. On the other hand, areas in the spread stage exhibit low alpha diversity. Furthermore, identifying the
invasion stage may allow us to understand the relationship between invasion and environmental characteristics
and land use effects. Using an airborne mapping strategy
can help identify and track the spread of invasive plant
species, can help determine the ecological consequences
of their proliferation, and can provide detailed geographic information for conservation and management
efforts to prevent future spread.
Imaging spectroscopy applications
Imaging spectroscopy has been recognized as a fundamental input data for biodiversity estimates and conservation (Ustin et al. 2004, Carlson et al. 2007b). IS is a
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rapid, non-destructive, reproducible, and cost-effective
analytical method and is, therefore, ideal for species
diversity assessment and may lead to better management
and conservation activities in human-dominated systems. Alpha and beta diversity indices are powerful tools
for characterizing species richness and estimating biodiversity that can be used for reserve network selection
conservation planning, and land use planning and management (Rocchini et al. 2015). Our framework proposes
an integrated approach for studying the effect of land
transformation (land use effect) on species diversity and
composition on multiple scales using IS. In the near
future, several hyperspectral systems are planned to be
operational in satellite missions (Karnieli 2016). The
suggested framework can then be tested by integrating
airborne IS with additional platforms to evaluate land
use effect on species diversity at a large spatial scale.
CONCLUSIONS
In the current study, we successfully developed a
geoinformatics-based framework that spatially maps the
alpha and beta diversity effects of different land uses in
two sites in the coastal plain of Israel. This framework
raises additional research opportunities, such as identifying edge effect areas, fragmentation, and the spread of
invasive species in protected areas. As land use effects
and fragmentation become increasingly widespread, an
understanding of landscape-scale processes will be essential for modeling properties across the large spatial scale.
The combination of the SD map and the prior-knowledge land use database enabled us to study their effects
on species variation on a regional scale. The structure of
the landscapes in these sites is complex as many of the
land use categories and sub-categories are influenced by
the edge effect. IS and spatial statistics provide excellent
tools for studying diversity attributes on a large scale
that is particularly useful in human-transformed systems. Understanding land use effects on species distributions and how they operate in different geo-spatial
contexts is a fundamental challenge of modern ecology.
This geoinformatics-based framework (combining IS
and spatial statistics) can assist in assessing the impacts
of LUCs on biodiversity loss and can be used in policy
decisions and management practices (de Barros Ferraz
et al. 2005).
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