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and plant species richness. A 16 km? portion of a military training area in Germany was systematically sampled by
plant taxonomic experts on a grid of one hundred 1-ha plots. The diversity of disturbance types, resulting habitat
heterogeneity, and plant species richness were determined for each plot. Using an IKONOS multispectral satellite
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I;fgc‘i/ti,ggcri:ity image, we examined 168 metrics of spectral diversity as potential indicators of those independent variables. Across
Heterogeneous disturbance all potential relationships, a simple count of values per spectral band per plot, after compressing the data from the
IKONOS original 11-bit format with 2048 potential values per band into a maximum of 100 values per band, resulted in the
Plant diversity most consistent predictor for various metrics of habitat heterogeneity and plant species richness. The count of

Remote sensing values in the green band generally out-performed the other bands. The relationship between spectral diversity
and plant species richness was stronger than for measures of habitat heterogeneity. Based on the results, we

conclude that remotely sensed assessment of spectral diversity, when coupled with limited ground-truthing,

can provide reasonable estimates of habitat heterogeneity and plant species richness across broad areas.

Published by Elsevier B.V.

1. Introduction

One of the simplest and most often applied measures of biodiversity
is the total number of species present in an area, community or
landscape, i.e., species richness or alpha diversity (Magurran, 1988).
This measure can relate to all living organisms present, or to a single
class of organisms, e.g., plant species richness. While a seemingly simple
concept, the determination of species richness can be challenging
(Beierkuhnlein and Jentsch, 2005; Jentsch et al., 2012). Traditionally,
ecologists have relied on field surveys to quantify biodiversity on large
areas. However, such methods are typically time-consuming, costly,
and dependent on expert knowledge, leading to the conclusion that
field measurements represent estimates rather than absolutes, especially
when applied at a landscape scale (Palmer et al., 2002).

Originating with the habitat heterogeneity hypothesis (HHH;
MacArthur and MacArthur, 1961), contemporary ecological thought
suggests that habitat or landscape heterogeneity is a driving force
determining species richness (e.g., Ricklefs, 1977; Tamme et al., 2010).
Topography, soil variability, and habitat disturbance are primary
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contributors to habitat heterogeneity (Kreft and Jetz, 2007; Lundholm,
2009). It has long been accepted that heterogeneous habitats support
greater species diversity because of the larger number of potential
ecological niches present, thus enabling species coexistence (Jentsch
and Beierkuhnlein, 2011). Based on their characteristic traits and envi-
ronmental needs, species are spatially sorted in patchy microhabitats
(Douda et al., 2012). Consequently, the heterogeneous disturbance
hypothesis (HDH) suggests that a disturbance regime that is heteroge-
neous in its nature, intensity, frequency and spatial and temporal distribu-
tion is beneficial for creating and maintaining habitat heterogeneity by
creating niches and a broad variation of disturbed to undisturbed areas
with all stages of succession in between and, thus, biodiversity (Warren
et al., 2007). Heterogeneous disturbance regimes are especially well-
represented by military training areas, which are also known for high
biodiversity and the presence of elevated numbers of threatened and en-
dangered species (Cisek et al., 2013; Jentsch and Beyschlag, 2003; Jentsch
et al., 2009; Warren and Biittner, 2008a,b, 2014; Warren et al., 2007).
With the advent and improvement of remote sensing technology,
considerable effort has been expended attempting to apply the technol-
ogy to the estimation of species richness and biodiversity. It has the
potential to provide simultaneous, unbiased estimation over spatial
scales that can never be achieved by traditional approaches. The term
spectral variation hypothesis (SVH) was coined by Palmer et al.
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(2000) suggesting that spectral heterogeneity/diversity should be
closely correlated with biodiversity.

Numerous strategies have been used to spatially quantify the
spectral diversity of satellite imagery and relate it to biodiversity on
the ground. Metrics of spectral diversity that have been explored to
date include the number of different colored pixels along a transect or
within a given area (Podolsky, 1994), first order statistics (Palmer
et al., 2002), the standard deviation of the Normalized Difference
Vegetation Index (Gould, 2000), the number of land cover categories
within a computer-generated, supervised or unsupervised land classifi-
cation (Nagendra and Gadgil, 1999), the mean Euclidean distance be-
tween the individual points in multi-dimensional spectral space and
the spectral centroid (Rocchini, 2007), principal component analyses
(Oldeland et al., 2010), semivariograms (St-Onge and Cavayas, 1997),
spectral rarefaction (Rocchini et al., 2009), indices produced by neural
networks (Foody and Cutler, 2003), image texture analysis (St-Louis
et al., 2009, 2014), and spectral mixture analysis (St-Louis et al., 2014).

The aforementioned studies, and others, have been applied at
different sites, with satellite imagery of differing spatial and spectral
resolutions, and were performed to test single approaches for measur-
ing spectral diversity, thus hindering the ability to identify a generalized
‘best’ method for assessing and monitoring biological diversity. The ob-
jective of the present study was to test the potential relationship be-
tween habitat heterogeneity and plant diversity versus numerous
measures of spectral diversity using a single satellite image at a single
site, in hopes of finding an optimal strategy or strategies for estimating
plant diversity from spectral diversity.

2. Study area

The project was carried out at the Grafenwohr Training Area (GTA),
Germany (Fig. 1). GTA serves as Headquarters of the 7th Army Training
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Command and is the largest U.S. Army training area in Europe. The facil-
ity is located in the northeastern portion of the German state of Bavaria,
approximately 88 km northeast of Nuremberg. The training area has a
long history of military training disturbance. The original 9000 ha train-
ing area was established in 1908 by the Kingdom of Bavaria
(Burckhardt, 1994). Following World War I, control of the training
area was ceded to the German republic. During the build-up to World
War II, it was expanded to its present size of approximately 23,300 ha.
In April, 1945 the training area was surrendered to Allied forces and
has been used as a U.S. Army training facility since that time.

A 16 km? study area was selected in the northwest portion of the
training area (Fig. 1) where it was determined, in conjunction with
the installation commander, that significant disturbance-related habitat
heterogeneity was present and that access could be temporarily granted
without unnecessarily interfering with military training schedules. The
area included forests, grasslands, a permanently dudded area, an
engineer qualification range, a designated digging site, roads, trails,
ruins of historic villages and farms, contemporary forestry plantations,
and a rock quarry. Portions of the area have been used by wheeled
and tracked vehicles, while tracked vehicles have been excluded from
other portions. Other forms of disturbance present include mowing,
forest thinning, wind throw, fire, tillage, seeding, flooding, soil erosion,
herbivory, rooting by wild boars, etc. Elevation within the study area
ranges from 440 to 560 m above sea level. Within the study area, a sys-
tematic grid of one hundred regularly spaced 1-ha plots was established.
One-ha plots are commonly used in landscape analyses (e.g., Lososova
et al,, 2011; Uddin et al., 2013). They are of sufficient size to include
large biotic individuals (e.g., large trees and clones) and integrate multi-
ple land use/habitat units. The latter is a crucial pre-requisite if species
richness is related to within-plot plot habitat heterogeneity (Jentsch
et al,, 2012). To avoid spatial autocorrelation, the between-plot distance
(400 m) was larger than the average diameter of land use/habitat units

Fig. 1. The location and layout of the research area and study plots within the Grafenwohr Training Area, Germany.
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in the landscape. Random placement of the grid onto the selected
landscape ensured unbiased sampling.

3. Data and methods
3.1. Field measurements

Fieldwork to determine habitat heterogeneity, the diversity of dis-
turbance, and plant species richness was conducted from May to August
2008 within the study plots. Orthophoto images taken in the summer of
2006 were used to develop a map of each plot. Utilizing a disturbance
key originally developed for cultural landscapes (Buhk et al., 2007)
and adapted to military areas for purposes of this study, the area of
each plot was mapped as patches, defined by the nature of the vegeta-
tion and disturbances. The minimum area of a patch was defined as
10 m? and the minimum linear width as 1 m. For each plot, the number
of habitat patches, the number of habitat types, and the number and
identity of all vascular plant species were meticulously recorded.

3.2. Satellite imagery

An IKONOS multispectral satellite image was made available by the
Integrated Training Area Management (ITAM) office at GTA (Fig. 1).
The image was dated 08 September 2005 and consisted of four spectral
bands at a spatial resolution of 4 m. The bands correspond to the blue
(0.45-0.53 pm), green (0.52-0.61 pum), red (0.64-0.72 um) and near-
infrared (NIR) (0.77-0.88 um) portions of the electromagnetic spec-
trum. The image was originally purchased from Space Imaging, Inc.
which applied two optional preprocessing steps to the image:
Modulation Transfer Function Compensation (MTFC) and Dynamic
Range Adjustment (DRA). MTFC sharpens the image by compensating
for sensor motion and geometry, atmospheric scattering, and other
potential radiometric errors. DRA stretches grayscale values to cover
more uniformly the available 11-bit data format, thus enhancing visual
interpretability (Baltsavias, et al., 2001; GeoEye, 2006).

3.3. Spectral diversity metrics

A total of 168 spectral diversity metrics were computed for each of
the 100 plots (Appendix A). The metrics provided a variety of measures
of the spectral characteristics of the pixels corresponding to each plot,
and were based on various combinations and transformations of the
original four IKONOS spectral bands. The objective was to explore po-
tentially significant relationships between spectral diversity and various
field measurements of habitat heterogeneity and plant species richness,
and to identify which spectral analysis techniques would offer the
strongest relationships. The spectral diversity metrics can be grouped
into six major categories: (1) original band statistics, (2) compressed
data statistics, (3) unsupervised classifications, (4) feature space mea-
surements, (5) principal components statistics, and (6) semivariogram
descriptors. The various metrics are described in more detail in
Sections 3.3.1 through 3.3.6.

It was predicted that the spectral metrics could be improved by first
applying a mask to remove pixels from consideration that might
confound the metrics, such as those representing very dark or very
bright non-vegetative objects such as roads, buildings and bodies of
water. Additionally, shadows cast by trees, buildings, and other elevated
objects can cause a local reduction or loss of spectroradiometric
information (Dare, 2005; Wu and Bauer, 2013). Several methods to re-
cover radiometric information from shadows of tall urban buildings
have been tested (Sarabandi et al., 2004; Shackelford and Davis,
2003). However, those approaches were not suitable for this study site
since the overwhelming majority of shadows were from trees and
thus considered too small and irregular for such methods.

The process used to mask out potentially confounding pixels
consisted of creating two filters, and combining them into a single

mask. A supervised classification scheme using training sets was consid-
ered initially, but ruled out due to the small size (one or two pixels) of
potential training areas. Instead, an unsupervised classification ap-
proach was used, wherein several classes were reasonably identified
as representing shadows and other features to be included in the
mask. An unsupervised classification yielding 100 spectral classes
from the original four IKONOS spectral bands was deemed suitable for
the task. Classes were initialized along the principal axes representing
values from the bands and were calculated with an ISODATA algorithm
using a convergence threshold of 0.95. The ISODATA method was select-
ed over more simple K-means methods as it included the ability to split
and merge clusters, thus allowing adjustments according to statistical
characteristics of the dataset. Upon completion, the resulting classes
were examined visually to determine those that could be interpreted
as obvious shadows, roads, buildings, and water bodies. All pixels
classified as such were set to a value of 0 with all other pixels set to 1,
thus masking the uninformative portions of the image.

Second, the Normalized Difference Vegetation Index (NDVI) was cal-
culated for each pixel using the red and near-infrared (NIR) bands from
the original image. NDVI has the form (NIR — red)/(NIR + red). It is
generally considered an index of plant biomass or productivity
(Campbell, 2002). As vegetated areas typically yield NDVI values
above zero, pixels with NDVI values less than zero can be assumed to
be non-vegetated. All pixels with an NDVI value less than or equal to
zero were set to a value of 0, with all other pixels set to 1 to form the
second part of the mask. This removed further variance associated
with non-vegetated surfaces. The two masks were then combined by
multiplication to form a single binary mask. When applied, the mask re-
moved confounding pixels from consideration in the computation of
spectral diversity indices.

3.3.1. Original band statistics

Within each of the 100 plots, the mean, standard deviation, number
of unique values, and Shannon index of unique values were calculated
for each of the original four IKONOS bands (blue, green, red, and NIR).
In addition, the total number of unique values across all four original
bands was calculated. The Shannon index is typically applied to species
data as a measure of diversity (Smith and Smith, 2008). It takes into
consideration the number as well as the relative abundance or evenness
of each species. In this application, each unique value within a spectral
band was considered a ‘species’. Hence, the number of unique spectral
values, as well as their evenness, was quantified.

Three different variations of NDVI were calculated, and a mean and
standard deviation were calculated for each of the field plots. The first
variation consisted of the original floating point NDVI values, ranging
from — 1 to 1. In the second variation, all NDVI values less than zero
were set to zero to remove variance in the data associated with non-
vegetated surfaces. In the third, the NDVI values from the second varia-
tion were stretched to create an integer dataset with values from 0 to
255, thus mimicking a categorical dataset and allowing for a count of
unique values and calculation of a Shannon index in addition to the
mean and standard deviation. These NDVI statistics, as well as the orig-
inal band statistics and total count of values were all calculated using
the masked and unmasked imagery. A total of 50 original band statistics
were thus computed (Appendix A).

3.3.2. Compressed data statistics

In an attempt to condense the original data by removing the range of
grayscale values, the four spectral bands (masked) were compressed
from their original 11-bit format with 2048 possible values each, to
create two new data sets containing equidistant bins of 20 and 100
values each. The same four original statistics above (mean, standard de-
viation, number of unique values, and Shannon index of unique values)
were computed for each of the 8 new bands. This procedure produced
32 potential measures of spectral diversity (Appendix A).
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3.3.3. Unsupervised classifications

Classification of remotely sensed imagery involves grouping pixels
into classes based on similarity of spectral signatures. Class signatures
represent areas of convergence in the multi-dimensional space created
by axes representing the four spectral bands. Spectral signatures for
classification are created using either supervised or unsupervised
methods. Supervised classification requires a priori knowledge of the
area and involves creating a variety of training datasets from which
spectral signatures are derived. Each training area must represent a ho-
mogeneous region in the image associated with a known informational
category (Campbell, 2002), in this case, vegetation type. With unsuper-
vised classification, the signatures are generated mathematically using
the statistical characteristics of the pixel values instead. To allow for re-
peatability of analysis methods, and in order to limit the classes to a set
of specific number for subsequent steps in the process, an unsupervised
classification method was selected.

This study employed four different unsupervised classification
schemes. The classification scheme used to generate the mask image
(described previously) resulted in 100 signatures. Of these, 22 were se-
lected for inclusion in the mask; the remaining 78 non-mask classes
comprised the first classification scheme. The other three classification
schemes were created from the masked IKONOS image bands to pro-
duce 10, 100, and 1000 class signatures. Using the same classification
methods as when generating the mask, the classes in each case were ini-
tialized along the principal axis and were calculated with an ISODATA
algorithm using a convergence threshold of 0.95. For each of the four
classified images, the number of unique classes and a Shannon index
were computed using pixels within each of the field plots. A total of 8
spectral diversity indices were thus created using this procedure
(Appendix A).

3.3.4. Principal components statistics

Principle components analysis (PCA) is a mathematical procedure
that transforms a number of potentially correlated variables with high
covariance into a smaller number of uncorrelated variables. The first
principal component accounts for as much of the variability in the
data as possible, and each succeeding variable accounts for as much of
the remaining variability as possible. When applied to remotely sensed
imagery with multiple spectral bands, transformation of the data with a
principal components analysis results in a new dataset comprised of un-
correlated components ordered by the amount of variance explained
with respect to the original data (Ricotta et al., 1999).

Two PCA transformations were performed in this study, the first
using all the pixels of the original four IKONOS bands, and the second
using the same dataset after the mask was applied. The first and second
principal components of the first PCA transformation accounted for
87.5% and 11.3%, respectively, of the total variance of the unmasked
image. By contrast, the third and fourth principal components
accounted for 0.8% and 0.4% of the variance, respectively. For the PCA
transformation of the masked image, the first principal component
alone accounted for 95.8% of the total variance, while the second,
third, and fourth components accounted for only 3.7%, 0.3%, and 0.2%
of the variance, respectively. For both sets of principal components,
only the first three components were retained for analysis as they
accounted for over 99% of the variance from each input image. The
values of the principal components were rounded to integers to allow
for calculation of the mean, standard deviation, number of unique
values, and a Shannon index of unique values within each plot.
Twenty-four principal component variations were thus computed
(Appendix A).

3.3.5. Feature space measurements

For each plot, all pixels were plotted in a four-dimensional “feature
space” with the axes representing the values of the four spectral
bands (blue, green, red, and NIR). And a centroid was calculated. The
Euclidean distance from each pixel to the plot centroid was then

calculated. This process was repeated using the first and second princi-
pal components to form a two-dimensional PCA feature space. These
metrics were calculated using both the masked and unmasked imagery,
thus creating 4 feature space variations (Appendix A).

3.3.6. Semivariogram descriptors

A semivariogram is a graphical representation of the spatial variabil-
ity in a given dataset. Interpretation of the semivariogram is based
mainly on four descriptors: nugget, sill, partial sill, and range. The nug-
get is an estimate of the variance inherent at the center pixel value, and
includes systematic noise. The sill represents the maximum variability
that can be reached with distance, the partial sill is the range minus
the nugget, and the range is the distance from the center pixel at
which the sill is reached. The nugget, sill, partial sill, and range were
generated using the Arcinfo Workstation kriging tool. The kriging tool
is designed to interpolate a grid from a set of points using kriging
techniques. When specifying the spherical semivariogram technique,
the kriging tool calculates the semivariogram from the input point
dataset and reports the nugget, sill, and range values.

This study also employed the use of a semivariogram summary met-
ric which we called the environmental diversity index (EDI), calculated
as EDI = partial sill/range. The EDI was calculated for ten sets of input
values derived from the masked IKONOS imagery. These datasets in-
clude the four original spectral bands, the stretched NDVI integer
image, the four classified images, and the first principal component
band. After converting the image pixels within each field plot to points,
the kriging tool was run and the semivariogram values were captured.
This allowed five metrics to be calculated for each input dataset: nugget,
sill, range, partial sill, and EDI, resulting in a total of 50 measures of spec-
tral diversity (Appendix A).

3.4. Statistics

In order to explore the relationships between the various indices of
spectral diversity and the diversity of disturbance types, the number
of habitat patches present, and plant species richness, the spectral diver-
sity values were statistically correlated with the independent variables.
Pearson correlation coefficients (r) were computed as a measure of the
strength of the linear relationships. The closer the correlation
coefficients are to 1.0, the stronger the relationship or correlation.

4. Results

4.1. Relationship between spectral diversity and measures of habitat
heterogeneity

Correlation coefficients (r) for the relationship between spectral
diversity and habitat heterogeneity ranged from <0.01 to 0.66.
Tables 1-3 provide correlative relationships between the various
spectral diversity indices used and habitat heterogeneity as measured
by the number of habitat patches per plot, the number of disturbance
types per plot, the Shannon diversity index of disturbance types per
plot, and the Shannon diversity index based on the percent cover of
disturbance types per plot, respectively. In order to concentrate on
those parameters with the greatest predictive potential, only those
with correlation coefficients > 0.60 were selected for inclusion in the
corresponding tables.

4.1.1. Relationship between spectral diversity and the number of habitat
patches per plot

Two of the original band statistics met the criteria for inclusion in
Table 1, including the number of unique values in the blue band and
in all bands combined. When the original data were compressed into
100 potential values instead of the original 2048, the number of unique
values in the blue, green and red bands merited inclusion in Table 1.
When a principal components analysis partitioned variability into
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Table 1

The correlation coefficients (r) when spectral diversity indices were correlated with the
number of habitat patches in each of one hundred 1-ha plots in a study site at Grafenw&hr
Training Area, Germany. Some spectral indices were masked (yes) and some were not
(no). P-values for all relationships included in the table were less than 0.001.

Original band statistics Mask r
Number of unique values in the blue band no 0.60
Total number of unique values in all bands combined no 0.60
Compressed data statistics Mask r
Number of unique blue values of 100 potential yes 0.61
Number of unique green values of 100 potential yes 0.63
Number of unique red values of 100 potential yes 0.63
Principal components statistics Mask r
Number unique values in Principal Component 1 no 0.66

three principal components, the number of unique values in the first
component met the criteria for inclusion in Table 1.

4.1.2. Relationship between spectral diversity and the number of
disturbance types per plot

The relationship between the metrics of spectral diversity and the
number of disturbance types in the plots was not as strong as with the
number of habitat patches. Only one of the spectral diversity metrics
produced a correlation coefficient > 0.60 (Table 2). This was created
when the data from the green band were compressed into 100 potential
values.

4.1.3. Relationship between spectral diversity and the Shannon index of the
number of disturbance types per plot

The relationship between spectral diversity and the Shannon index
of disturbance types was limited. No measures of plot heterogeneity
produced correlation coefficients exceeding 0.60 when correlated to
the spectral diversity indices.

4.1.4. Relationship between spectral diversity and the Shannon Diversity
Index of the percent cover of disturbance types

When the Shannon index of diversity was calculated for the various
disturbance types using percent cover rather than frequency, none of
the spectral diversity metrics yielded a correlation coefficient > 0.60.

4.2. Relationship between spectral heterogeneity and species richness
(alpha diversity)

When statistical correlations were performed to test the relation-
ship between spectral diversity and species richness (alpha diversity),
more correlation coefficients (r) surpassed the cutoff of 0.60 than
when spectral diversity was correlated with habitat heterogeneity. All
relationships meeting that criterion are shown in Table 3. Relationships
are shown only if p < 0.001.

None of the original band statistics produced correlation
coefficients > 0.60 when compared to species richness. When the
data from the spectral bands were compressed into 100 potential
values, the number of unique green values and the Shannon index
of the green values met the criteria for inclusion in Table 3. When
the original spectral signatures were grouped by an unsupervised
classification into a lesser number of categories, ranging from 10 to

Table 2

The correlation coefficients (1) when spectral diversity indices were correlated with the
number of disturbance types in each of one hundred 1-ha plots in a study site at
Grafenwohr Training Area, Germany. The only spectral index with a passing correlation
coefficient was masked. Spectral indices are only included if p < 0.001.

Compressed data statistics Mask r

Number of unique green values of 100 potential yes 0.60

1000, based on convergence of spectral signatures, the number of unique
values per plot consistently produced correlation coefficients > 0.60
There was a marginally perceptible trend of declining significance as
the number of categories increased. While variables related to the
principal components analysis provided only a single moderate
correlation in the relationship with habitat heterogeneity (Table 1),
several of the variables were well-correlated to species richness.
These included variables from the first two principal components.
None of the feature space measurement was sufficiently correlated
to measures of habitat heterogeneity, yet three feature space mea-
surements produced correlation coefficients > 0.06 when correlated
with species richness. Semivariogram descriptors were minimally
related to habitat heterogeneity, but several descriptors related to
the sill of the semivariogram produced correlation coefficients > 0.6
when related to species richness.

5. Discussion and conclusions
5.1. Spectral diversity as a predictor of habitat heterogeneity

Of the 168 measures of spectral diversity evaluated in this study,
only a limited number met the threshold correlation coefficient
(>0.60) to be considered among the better predictors of habitat
heterogeneity. All measures that met the threshold were accompanied
by a p-value of <0.001, signifying that while the correlation coefficients
were of only moderate strength, they were very highly significant,
i.e., there was minimal likelihood of encountering values outside the
range of those measured (Taylor, 1990). The most consistent spectral
predictor of habitat heterogeneity was one of the simplest, i.e., the
number of unique values in the green spectral band when the original

Table 3

The correlation coefficients (r) when spectral diversity indices were correlated with spe-
cies richness (alpha diversity) for a study site at Grafenwohr Training Area, Germany.
Some spectral indices were masked (yes) and some were not (no). Only spectral indices
producing a correlation coefficient > 0.60 are included. For all listed relationships
p < 0.001.

Compressed data statistics Mask r

Number of unique green values of 100 potential yes 0.67
Shannon index of green band with 100 values yes 0.63
Unsupervised classifications Mask r

Number of unique values in 10 category classification yes 0.74
Shannon index of 10 category classification yes 0.68
Number of unique values in 78 category classification yes 0.65
Shannon index of 78 category classification yes 0.66
Number of unique values in 100 category classification yes 0.71
Shannon index of 100 category classification yes 0.67
Number of unique values in 1000 category classification yes 0.61
Shannon index of 1000 category classification yes 0.61
Principal components statistics Mask r

Number unique values in Principal Component 1 no 0.69
Shannon index of Principal Component 1 no 0.60
Number unique values in Principal Component 2 no 0.65
Number unique values in Principal Component 1 yes 0.65
Feature space measurements Mask r

Mean Euclidean distance to centroid of 4 band space no 0.63
Mean Euclidean distance to centroid of 2 PCA space yes 0.62
Mean Euclidean distance to centroid of 4 band space yes 0.63
Semivariogram descriptors Mask r

Sill of 10 category classification values yes 0.71
Sill of 78 category classification values yes 0.71
Sill of 100 category classification values yes 0.68
Sill of 1000 category classification values yes 0.70
Sill of principal component 1 yes 0.61
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values were compressed into 100 potential bins of equal width. The
green band corresponds to the green portion of the visible electromag-
netic spectrum that is reflected by chlorophyll in living plants. Variabil-
ity of reflectance in the green band is caused by the quantity and quality
of chlorophyll in green leafy material measured by the remote sensor.
Variation in reflectance can be caused by the thickness and quality of
plant cuticle, plant health, stage of development, canopy architecture,
leaf orientation, etc. Hence, it seems intuitive that habitat heterogeneity
affecting the quantity and quality of chlorophyll, plant species composi-
tion and plant health should be related qualitatively to light reflected in
the green band.

Interestingly, compression of the reflectance data from their original
(2048 possible) values per band to only 100 equidistant bins, proved to
be a better predictor of habitat heterogeneity. To understand the value
of the compression approach, it may help to envision a hypothetical
situation wherein 100 unique values of green reflectance are recorded.
If all 2048 values were possible, it would be impossible to determine
where in the range of green reflectance values they were located;
there would be the possibility that the 100 unique values, while differ-
ent, might be grouped in a specific portion of the range. In the case of
only 100 potential values, if 100 values are recorded, they would neces-
sarily be distributed within the entirety of the green reflectance range,
and thus signify greater spectral diversity in the green band. The former
situation could represent a relatively homogenous habitat, while the
latter would necessarily represent a heterogeneous habitat.

5.2. Spectral diversity as a predictor of plant species richness

Although the spectral diversity of satellite imagery can be used to
measure both habitat heterogeneity and plant diversity, and whereas
habitat heterogeneity is a significant predictor of plant diversity, we an-
ticipated that the relationship between spectral diversity and habitat
heterogeneity might be stronger than the relationship between spectral
diversity and plant species richness. In this study, however, spectral di-
versity was a better predictor of plant species richness, as a measure of
plant diversity, than it was for habitat heterogeneity. No single metric of
spectral diversity, among those tested, proved consistently superior in
predicting plant species richness. The original band statistics were not
well-correlated to plant species richness. Various indices of spectral di-
versity in all other categories produced moderately strong correlation
coefficients ranging from 0.60 to 0.74. While this was initially surpris-
ing, the relationship should not be totally unexpected, as remotely
sensed information is routinely used to classify, map and monitor vege-
tation cover (e.g., Gil et al., 2011; Xie et al., 2008).

Within the compressed data statistics, the number of unique green
values and the Shannon index of green values when the data were com-
pressed into 100 potential values out-performed other indices in that
category. All of the unsupervised classifications produced correlation
coefficients > 0.60, and the majority of the feature space measurements
produced comparable correlation coefficients. The principal compo-
nents statistics and the semivariogram descriptors each produced
a few correlation coefficients > 0.60. As expected, principal compo-
nent 1 consistently out-performed the other principal components.
Among the semivariogram descriptors, the sill, which represents the
maximum variability within the data, was consistently the best pre-
dictor of plant species richness. Notably, the sill produced correla-
tion coefficients > 0.60 for each of the 10, 78, 100 and 1000 category
unsupervised classifications. All spectral diversity indices with correla-
tion coefficients > 0.60 were accompanied by p-values < 0.001, indi-
cating very highly significant relationships.

In laboratory experiments, where it is possible to control sources of
variability, it is not uncommon to expect correlation coefficients in ex-
cess of 0.95. In nature, however, where extraneous variability cannot
be constrained by the experimental design, it is often necessary to ac-
cept lower correlation coefficients. The correlation coefficients reported
here are comparable to, or exceed, those often reported in the literature

when comparing spectral diversity to plant diversity (e.g., Gillespie,
2005; John et al., 2008; Oldeland et al., 2010; Rocchini et al., 2004).

5.3. Benefits of masking

Attempts to exclude shadows and other extraneous information
from the satellite image were disappointingly ineffective. Where both
masked and unmasked versions of the image were used, the unmasked
image was as effective as or more effective in its predictive capability for
both habitat heterogeneity and species richness than the masked image.
In the case of habitat heterogeneity, this could be attributable to the ef-
fects that shadowing may have on distinguishing habitat types with
taller, woody vegetation of non-uniform height from habitat types
with a more homogenous woody or herbaceous canopy structure that
is less prone to produce shadowing. In the case of species richness,
shadowed areas likely support a different suite of species than pixels
with fewer shadows. In remote sensing, shadows can serve as important
elements in image texture analysis, especially in measuring forest struc-
ture variables (Kayitakire et al., 2006) and characterizing avian nesting
sites (St-Louis et al, 2014). Gould (2000) found analysis of NDVI texture
useful in predicting species richness patterns in the Canadian Arctic. It
could be argued that some of the meaningful variability in NDVI could
have been due to shadowing effects, at least in areas of shrub cover.
Thus, elimination of shadowed pixels may remove spectral heterogene-
ity from a satellite image that accurately reflects the relationship be-
tween shadowing and both habitat heterogeneity and species richness.

5.4. Sources of potential error

The IKONOS imagery used in this study was originally purchased by
the U.S. Army for vector dataset development and for use as a carto-
graphic background layer. For this reason, the image was ordered with
Dynamic Range Adjustment (DRA) preprocessing option applied. The
purpose of DRA is to enhance visual interpretability of the image by
stretching grayscale values to cover more uniformly the available
11-bit data format. However, doing so alters the absolute radiometric
accuracy of the image and leads to a mixing of gray values that are not
frequently occupied (Baltsavias et al., 2001; Dial et al., 2003). This
may especially affect the compressed data statistics. It is often recom-
mended that IKONOS imagery be purchased without the DRA option
for multispectral analysis or other scientific applications (Baltsavias
et al., 2001; GeoEye, 2006). However, Oleszczuk (2000) claimed that
any quantization errors due to DRA are insignificant, and that the DRA
option is actually preferred for applications involving a single IKONOS
image. This difference of opinion among experts confuses the issue of
appropriateness of the DRA option. Regardless, it is possible that DRA
may be a source of error within some calculations performed in this
study, and may help explain why the strength of the results was limited.

The pixel resolution of the multispectral bands may also give cause
for concern when applying multispectral analysis, especially image
classification. The 4-meter resolution allows for finer distinction and
mapping of individual objects as opposed to more traditional medium
resolution imagery such as Landsat TM. However, along with higher
resolution comes the potential for increased internal variability within
homogeneous land cover classes, potentially resulting in decreased sep-
arability of land cover classes and a reduction in per pixel classification
accuracies (Carleer et al., 2005). For example, sunlit and shady sides of
the same tree can have vastly different spectral responses, even though
they belong to the same class (Thomas et al., 2003). In one study,
Nagendra et al. (2010) found the 30-meter resolution of Landsat
ETM + to correlate more strongly than 4-meter IKONOS imagery with
plant diversity in a dry tropical forest. Future research is under consid-
eration that would compare results from multispectral analyses per-
formed using original 4-meter image resolution with images
resampled at a variety of larger resolutions in an attempt to identify
an optimal pixel size for spectral and habitat heterogeneity analysis,
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As mentioned above, the presence of shadows inherent with high
resolution imagery can cause a local reduction of radiometric informa-
tion. Although masking shadowed areas can reduce noise and artificial
heterogeneity in the data, it could be argued that a large number and
widespread presence of masked areas could render the data less useful.
A method for recovering lost data from small shadows such as those
from trees might be another worthy goal for future research.

An additional source of potential error lies in the fact that the satel-
lite imagery for the study area was collected in September of 2005. Data
collection to measure habitat heterogeneity and species richness oc-
curred during the summer of 2008. While active military training at
GTA has been minimal in recent years, given the deployment of most
of the soldiers, some changes in the vegetative cover, however minimal,
have undoubtedly occurred during the interval and likely affected the
ability to correlate the satellite imagery and the ground data, at least
to some degree.

5.5. Implications for remote sensing applications to natural resource
management

Plant species richness, as a measure of plant diversity, is often con-
sidered a measure of ecosystem health and resilience (e.g., Lavorel,
1999; Symstad and Jonas, 2011). This study points to several spectral di-
versity indices that proved superior to others, and may, therefore, merit
increased application for providing measures of plant diversity and,
thus, ecosystem health. These included the number of green band
values from among compressed data, various iterations of unsupervised
classifications, the first principal component, and the sills of the
semivariograms. Comparable studies need to be repeated at multiple
sites, utilizing a variety of remotely sensed images of differing spatial
and spectral resolution.

We conclude that the spectral diversity of satellite imagery, with
some level of ground-truthing by botanical experts, can be effectively
and economically applied for a variety of purposes on broad landscapes.
These include (1) comparisons of the relative species richness within
two or more areas, (2) monitoring changes in species richness over
time, and (3) identification of plant biodiversity hotspots within
landscapes.
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Appendix A. Summary of all spectral indices used in the present study

Original band statistics Mask

Number of unique values in the blue band yes, no
Mean of blue band values yes, no
Shannon index of blue values yes, no
Standard deviation of blue band values yes, no
Number of unique values in the green band yes, no
Mean of the green band values yes, no
Shannon index of green values yes, no
Standard deviation of green band values yes, no
Number of unique values in the red band yes, no
Mean of the red band values yes, no
Shannon index of the red values yes, no
Standard deviation of the red band values yes, no
Number of unique values in the NIR band yes, no

Mean of the NIR values yes, no

(continued)

Original band statistics Mask
Shannon index of the NIR values yes, no
Standard deviation of the NIR values yes, no
Total number of unique values in all bands combined yes, no
Mean of original NDVI values yes, no
Standard deviation of original NDVI values yes, no
Mean of NDVI values (neg. values set to 0) yes, no
Standard deviation of NDVI values above yes, no
Number of unique stretched NDVI values yes, no
Mean of unique stretched NDVI values yes, no
Shannon index of stretched NDVI values yes, no
Standard deviation of stretched NDVI values yes, no
Compressed data statistics Mask
Number of unique blue values of 100 potential yes
Mean of blue band w/ 100 values yes
Shannon index of blue band w/ 100 values yes
Standard deviation of blue band w/ 100 values yes
Number of unique blue values of 20 potential yes
Mean of blue band w/ 20 values yes
Shannon index of blue band w/ 20 values yes
Standard deviation of blue band w/ 20 values yes
Number of unique green values of 100 potential yes
Mean of green band w/ 100 values yes
Shannon index of green band w/ 100 values yes
Standard deviation of green band w/ 100 values yes
Number of unique green values of 20 potential yes
Mean of green band w/ 20 values yes
Shannon index of green band w/ 20 values yes
Standard deviation of green band w/ 20 values yes
Number of unique red values of 100 potential yes
Mean of red band w/ 100 values yes
Shannon index of red band w/ 100 values yes
Standard deviation of red band w/ 100 values yes
Number of unique red values of 20 potential yes
Mean of red band w/ 20 values yes
Shannon index of red band w/ 20 values yes
Standard deviation of red band w/ 20 values yes
Number of unique NIR values of 100 potential yes
Mean of NIR band w/ 100 values yes
Shannon index of NIR band w/ 100 values yes
Standard dev. of NIR band w/ 100 values yes
Number of unique NIR values of 20 potential yes
Mean of NIR band w/ 20 values yes
Shannon index of NIR band w/ 20 values yes
Standard dev. of NIR band w/ 20 values yes
Unsupervised classifications Mask
Number of unique values in 10 category classification yes
Shannon index of 10 category classification yes
Number of unique values in 78 category classification yes
Shannon index of 78 category classification yes
Number of unique values in 100 category classification yes
Shannon index of 100 category classification yes
Number of unique values in 1000 category classification yes
Shannon index of 1000 category classification yes
Principal components statistics Mask
Number unique values in principal component 1 yes, no
Mean of values in principal component 1 yes, no
Shannon index of principal component 1 yes, no
Standard deviation of principal component 1 yes, no
Number unique values in principal component 2 yes, no
Mean of values in principal component 2 yes, no
Shannon index of principal component 2 yes, no
Standard deviation of principal component 2 yes, no
Number unique values in principal component 3 yes, no
Mean of values in principal component 3 yes, no
Shannon index of principal component 3 yes, no
Standard deviation of principal component 3 yes, no
Feature space measurements Mask
Mean Euclidean dist. to cent. of 2 PCA space yes, no
Mean Euclidean dist. to cent. of 4 band space yes, no
EDI of blue band values yes
Nugget of blue band values yes
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(continued)
Semivariogram descriptors Mask
Partial sill of blue band values yes
Range of blue band values yes
Sill of blue band values yes
EDI of green band values yes
Nugget of green band values yes
Partial sill of green band values yes
Range of green band values yes
Sill of green band values yes
EDI of red band values yes
Nugget of red band values yes
Partial sill of red band values yes
Range of red band values yes
Sill of red band values yes
EDI of NIR band values yes
Nugget of NIR band values yes
Partial sill of NIR band values yes
Range of NIR band values yes
Sill of NIR band values yes
EDI of NDVI band values yes
Nugget of NDVI band values yes
Partial sill of NDVI band values yes
Range of NDVI band values yes
Sill of NDVI band values yes
EDI of 10 category classification values yes
Nugget of 10 category classification values yes
Partial sill of 10 category classification values yes
Range of 10 category classification values yes
Sill of 10 category classification values yes
EDI of 78 category classification values yes
Nugget of 78 category classification values yes
Partial sill of 78 category classification values yes
Range of 78 category classification values yes
Sill of 78 category classification values yes
EDI of 100 category classification values yes
Nugget of 100 category classification values yes
Partial sill of 100 category classification values yes
Range of 100 category classification values yes
Sill of 100 category classification values yes
EDI of 1000 category classification values yes
Nugget of 1000 category classification values yes
Partial sill of 1000 category classification values yes
Range of 1000 category classification values yes
Sill of 1000 category classification values yes
EDI of principal component 1 yes
Nugget of principal component 1 yes
Partial sill of principal component 1 yes
Range of principal component 1 yes
Sill of principal component 1 yes
References

Baltsavias, E., Pateraki, M., Zhang, L., 2001. Radiometric and geometric evaluation of
IKONOS Geo images and their use for 3D building modeling. Joint ISPRS
Workshop, “High Resolution Mapping from Space 2001,” Hannover, Germany,
September 19-21.

Beierkuhnlein, C,, Jentsch, A., 2005. Ecological importance of species diversity. A review
on the ecological implications of species diversity in plant communities. In: Henry,
R. (Ed.), Plant Diversity and Evolution: Genotypic and Phenotypic Variation in Higher
Plants. CAB International, Wallingford, pp. 249-285.

Buhk, C,, Retzer, V., Beierkuhnlein, C., Jentsch, A., 2007. Predicting plant species richness
and vegetation patterns in cultural landscapes using disturbance parameters. Agric.
Ecosyst. Environ. 122, 446-452.

Burckhardt, P., 1994. The Major Training Areas, 4th ed. Druckhaus Oberpfalz, Amberg,
Germany.

Campbell, ].B., 2002. Introduction to Remote Sensing, 3rd ed. Guilford Press, New York.

Carleer, A.P., Debier, O., Wolff, E., 2005. Assessment of very high spatial resolution satellite
image segmentations. Photogramm. Eng. Remote Sens. 71, 1285-1294.

Cisek, O., Vrba, P., Benes, J., Hrazsky, Z., Koptik, J., Kucera, T., Marhoul, P., Zamecnik, ].,
Konvicka, M., 2013. Conservation potential of abandoned military areas matches
that of established reserves: plants and butterflies in the Czech Republic. PLoS ONE
8, €53124. http://dx.doi.org/10.1371/journal.pone.0053124.

Dare, P.M., 2005. Shadow analysis in high-resolution satellite imagery of urban areas.
Photogramm. Eng. Remote Sens. 71, 169-177.

Dial, G., Bowen, H., Gerlach, F., Grodecki, J., Oleszczuk, R., 2003. IKONOS satellite, imagery,
and products. Remote Sens. Environ. 88, 23-36.

Douda, J., Doudova-Kochankova, J., Boublik, K., Drasnarova, A., 2012. Plant species
coexistence at local scale in temperate swamp forest: test of habitat heterogeneity
hypothesis. Oecologia 169, 523-534.

Foody, G.M., Cutler, M.EJ., 2003. Mapping the species richness and composition of tropical
forests from remotely sensed data with neural networks. Ecol. Model. 195, 37-42.

GeoEye, 2006. IKONOS Imagery Products Guide.Version 1.5.

Gil, A, Yu, Q. Lobo, A, Lourengo, P., Silva, L., Calado, H., 2011. Assessing the effectiveness
of high resolution satellite imagery for vegetation mapping in small islands protected
areas. J. Coast. Res. SI 64, 1663-1667.

Gillespie, T.W., 2005. Predicting woody-plant species richness in tropical dry forests: a
case study from South Florida, USA. Ecol. Appl. 15, 27-37.

Gould, W., 2000. Remote sensing of vegetation, plant species richness, and regional
biodiversity hotspots. Ecol. Appl. 10, 1861-1870.

Jentsch, A., Beierkuhnlein, C., 2011. Explaining biogeographical distributions and
gradients: floral and faunal responses to natural disturbances. In: Millington, A.,
Blumler, M., Schickhoff, U. (Eds.), The Sage Handbook of Biogeography. Sage Publisher,
London, pp. 191-201.

Jentsch, A., Beyschlag, W., 2003. Vegetation ecology of dry acidic grasslands in the
lowland area of central Europe. Flora 198, 3-26.

Jentsch, A, Friedrich, S, Steinlein, T., Beyschlag, W., Nezadal, W., 2009. Assessing conser-
vation action for substitution of missing dynamics on former military training areas
in central Europe. Restor. Ecol. 17, 107-116.

Jentsch, A., Steinbauer, MJ., Alt, M., Retzer, V., Buhk, C., Beierkuhnlein, C.,, 2012. A system-
atic approach to relate plant-species diversity to land use diversity across landscapes.
Landsc. Urban Plan. 107, 236-244.

John, R, Chen, ], Lu, N, Guo, K, Liang, C., Wei, Y., Noormets, A., Ma, K., Han, X., 2008.
Predicting plant diversity based on remote sensing products in the semi-arid region
of Inner Mongolia. Remote Sens. Environ. 112, 2018-2032.

Kayitakire, F., Hamel, C., Defourny, P., 2006. Retrieving forest structure variables based on
image texture analysis and IKONOS-2 imagery. Remote Sens. Environ. 102, 390-401.

Kreft, H., Jetz, W., 2007. Global patterns and determinants of vascular plant diversity. Proc.
Natl. Acad. Sci. 104, 5925-5930.

Lavorel, S., 1999. Ecological diversity and resilience of Mediterranean vegetation to distur-
bance. Divers. Distrib. 5, 3-13.

Lososova, Z., Horsak, M., Chytry, M., Cejka, T., Danihelka, J., Fajmon, K., Hajek, O., Jufickova,
L, Kintrova, K., Lanikova, D., Otypkova, Z., Rehofek, V., Tichy, L., 2011. Diversity of
Central European urban biota: effects of human-made habitat types on plants and
land snails. ]. Biogeogr. 38, 1152-1163.

Lundholm, ].T., 2009. Plant species diversity and environmental heterogeneity: spatial
scale and competing hypotheses. J. Veg. Sci. 20, 377-391.

MacArthur, R.H., MacArthur, JW., 1961. On bird species diversity. Ecology 42, 594-598.

Magurran, A.E., 1988. Ecological Diversity and Its Measurement. Princeton University
Press, Princeton, U.S.A.

Nagendra, H., Gadgil, M., 1999. Satellite imagery as a tool for monitoring species diversity:
an assessment. ]. Appl. Ecol. 36, 388-397.

Nagendra, H., Rocchini, D., Ghate, R,, Sharma, B., Pareeth, S., 2010. Assessing plant diversity
in a dry tropical forest: comparing the utility of Landsat and Ikonos satellite images.
Remote Sens. 2, 478-496.

Oldeland, J., Wesuls, D., Rocchini, D., Schmidt, M., Jiirgens, N., 2010. Does using species
abundance data improve estimates of species diversity from remotely sensed spectral
heterogeneity? Ecol. Indic. 10, 390-396.

Oleszczuk, R., 2000. To DRA or not to DRA. Imaging Notes 15 (5), 6-7.

Palmer, M.W., Wohlgemuth, T., Earls, P., Arévalo, Thompson, S.D., 2000. Opportunities for
long-term ecological research at the Tallgrass Prairie Preserve, Oklahoma. In: Lajtha,
K., Vanderbilt, K. (Eds.), Cooperation in Long Term Ecological Research in Central
and Eastern Europe: Proceedings of ILTER Regional Workshop, pp. 123-128
(Budapest, Hungary, 22-25 June, 1999).

Palmer, M.W., Earls, P.G., Hoaglund, B.W., White, P.S., Wohlgemuth, T., 2002. Quantitative
tools for perfecting species lists. Environmetrics 13, 121-137.

Podolsky, R., 1994. A method for estimating biodiversity directly from digital earth
imagery. Earth Obs. Mag. 3 (June), 30-36.

Ricklefs, R.E., 1977. Environmental heterogeneity and plant species diversity: a hypothesis.
Am. Nat. 111, 376-381.

Ricotta, C., Avena, G.C., Volpe, F., 1999. The influence of principal component analysis on
the spatial structure of a multispectral dataset. Int. J. Remote Sens. 20, 3367-3376.

Rocchini, D., 2007. Effects of spatial and spectral resolution in estimating ecosystem
a-diversity by satellite imagery. Remote Sens. Environ. 111, 423-434.

Rocchini, D., Chiarucci, A, Loiselle, S.A., 2004. Testing the spectral variation hypothesis by
using satellite multispectral images. Acta Oecol. 26, 117-120.

Rocchini, D., Ricotta, C., Chiarucci, A., de Dominicis, V., Cirillo, I, Maccherini, S., 2009.
Relating spectral and species diversity through rarefaction curves. Int. J. Remote
Sens. 30, 2705-2711.

Sarabandi, P., Yamazaki, F., Matsuoka, M., Kiremidjian, A., 2004. Shadow detection and
radiometric restoration in satellite high resolution images. Proceedings IEEE Interna-
tional Geoscience & Remote Sensing Symposium (IGARSS). 6, pp. 3744-3747.

Shackelford, A.K., Davis, C.H., 2003. A combined fuzzy pixel-based and object-based
approach for classification of high-resolution multispectral data over urban areas.
[EEE Trans. Geosci. Remote Sens. 41, 2354-2363.

Smith, R.L., Smith, T.M., 2008. Elements of Ecology, 7th ed. Benjamin-Cummings Publish-
ing Company, San Francisco.

St-Louis, V., Pidgeon, A.M., Clayton, M.K., Locke, B.A., Bash, D., Radeloff, V.C., 2009. Satellite
image texture and a vegetation index predict avian biodiversity in the Chihuahuan
Desert of New Mexico. Ecography 32, 468-480.

St-Louis, V., Pidgeon, A.M., Kuemmerle, T., Sonnenschein, R., Radeloff, V.C,, Clayton, M.K.,
Locke, B.A., Bash, D., Hostert, P., 2014. Modelling avian biodiversity using raw, unclas-
sified satellite imagery. Philos. Trans. R. Soc. B 369, 20130197.


http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0270
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0270
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0270
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0270
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0275
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0275
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0275
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0275
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0010
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0010
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0010
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0015
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0015
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0020
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0025
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0025
http://dx.doi.org/10.1371/journal.pone.0053124
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0035
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0035
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0040
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0040
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0045
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0045
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0045
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0050
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0050
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0280
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0060
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0060
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0060
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0065
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0065
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0070
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0070
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0080
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0080
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0080
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0080
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0075
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0075
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0085
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0085
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0085
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0090
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0090
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0090
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0095
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0095
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0100
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0100
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0285
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0285
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0105
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0105
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0110
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0110
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0110
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0115
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0115
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0120
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0125
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0125
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0130
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0130
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0135
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0135
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0135
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0140
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0140
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0140
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0290
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0295
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0295
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0295
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0295
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0295
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0150
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0150
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0155
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0155
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0160
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0160
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0165
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0165
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0170
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0170
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0175
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0175
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0180
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0180
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0300
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0300
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0300
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0190
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0190
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0190
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0195
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0195
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0200
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0200
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0200
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0205
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0205

168 S.D. Warren et al. / Ecological Informatics 24 (2014) 160-168

St-Onge, B.A,, Cavayas, F., 1997. Automated forest structure mapping from high resolution
imagery based on directional semivariogram estimates. Remote Sens. Environ. 81,
82-95.

Symstad, AJ., Jonas, J.L., 2011. Incorporating biodiversity into rangeland health: plant
species richness and diversity in Great Plains grasslands. Rangel. Ecol. Manag. 64,
555-572.

Tamme, R., Hiiesalu, 1., Laanisto, L., Szava-Kovats, R., Partel, M., 2010. Environmental
heterogeneity, species diversity and co-existence at different spatial scales. ]. Veg.
Sci. 21, 796-801.

Taylor, R., 1990. Interpretation of the correlation coefficient: a basic review. ]. Diagn. Med.
Sonog. 1, 35-39.

Thomas, N., Hendrix, C., Congalton, R.G., 2003. A comparison of urban mapping methods
using high resolution digital imagery. Photogramm. Eng. Remote Sens. 69, 963-972.

Uddin, M.B., Steinbauer, MJ., Jentsch, A., Mukul, S.A., Beierkuhnlein, C., 2013. Do environ-
mental attributes, disturbance and protection regimes determine the distribution of
exotic plant species in Bangladesh forest ecosystem? For. Ecol. Manag. 303, 72-80.

Warren, S.D., Biittner, R., 2008a. Relationship of endangered amphibians to landscape
disturbance. J. Wildl. Manag. 72, 738-744.

Warren, S.D., Biittner, R., 2008b. Active military training areas as refugia for disturbance-
dependent endangered insects. ]. Insect Conserv. 12, 671-676.

Warren, S.D,, Biittner, R., 2014. Restoration of heterogeneous disturbance regimes for the
preservation of endangered species. Ecol. Restor. 32, 189-196.

Warren, S.D., Holbrook, S.W., Dale, D.A., Whelan, N.L,, Elyn, M., Grimm, W., Jentsch, A.,
2007. Biodiversity and the heterogeneous disturbance regime on military training
areas. Restor. Ecol. 15, 606-612.

WL, J,, Bauer, MLE., 2013. Evaluating the effects of shadow detection on QuickBird image
classification and spectroradiometric restoration. Remote Sens. 5, 4450-4469.

Xie, Y., Sha, Z,, Yu, M., 2008. Remote sensing imagery in vegetation mapping: a review. J.
Plant Ecol. 1, 9-23.


http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0210
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0210
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0210
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0215
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0215
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0215
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0220
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0220
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0220
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0225
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0225
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0230
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0230
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0235
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0235
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0235
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0240
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0240
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0245
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0245
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0250
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0250
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0255
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0255
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0260
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0260
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0265
http://refhub.elsevier.com/S1574-9541(14)00114-9/rf0265

	The relationship between the spectral diversity of satellite imagery, habitat heterogeneity, and plant species richness
	1. Introduction
	2. Study area
	3. Data and methods
	3.1. Field measurements
	3.2. Satellite imagery
	3.3. Spectral diversity metrics
	3.3.1. Original band statistics
	3.3.2. Compressed data statistics
	3.3.3. Unsupervised classifications
	3.3.4. Principal components statistics
	3.3.5. Feature space measurements
	3.3.6. Semivariogram descriptors

	3.4. Statistics

	4. Results
	4.1. Relationship between spectral diversity and measures of habitat heterogeneity
	4.1.1. Relationship between spectral diversity and the number of habitat patches per plot
	4.1.2. Relationship between spectral diversity and the number of disturbance types per plot
	4.1.3. Relationship between spectral diversity and the Shannon index of the number of disturbance types per plot
	4.1.4. Relationship between spectral diversity and the Shannon Diversity Index of the percent cover of disturbance types

	4.2. Relationship between spectral heterogeneity and species richness (alpha diversity)

	5. Discussion and conclusions
	5.1. Spectral diversity as a predictor of habitat heterogeneity
	5.2. Spectral diversity as a predictor of plant species richness
	5.3. Benefits of masking
	5.4. Sources of potential error
	5.5. Implications for remote sensing applications to natural resource management

	Acknowledgments
	References


