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Abstract: Plant biodiversity is an important feature of grassland ecosystems, as it is related to the
provision of many ecosystem services crucial for the human economy and well-being. Given the
importance of grasslands, research has been carried out in recent years on the potential to monitor
them with novel remote sensing techniques. In this study, the optical diversity (also called spectral
diversity) approach was adopted to check the potential of using high-resolution hyperspectral
images to estimate a-diversity in grassland ecosystems. In 2018 and 2019, grassland species
composition was surveyed and canopy hyperspectral data were acquired at two grassland sites:
Monte Bondone (IT-MBo; species-rich semi-natural grasslands) and an experimental farm of the
University of Padova, Legnaro, Padua, Italy (IT-PD; artificially established grassland plots with a
species-poor mixture). The relationship between biodiversity (species richness, Shannon’s, species
evenness, and Simpson’s indices) and optical diversity metrics (coefficient of variation-CV and
standard deviation-SD) was not consistent across the investigated grassland plant communities.
Species richness could be estimated by optical diversity metrics with an R =0.87 at the IT-PD species-
poor site. In the more complex and species-rich grasslands at IT-MBo, the estimation of biodiversity
indices was more difficult and the optical diversity metrics failed to estimate biodiversity as
accurately as in IT-PD probably due to the higher number of species and the strong canopy spatial
heterogeneity. Therefore, the results of the study confirmed the ability of spectral proxies to detect
grassland a-diversity in man-made grassland ecosystems but highlighted the limitations of the
spectral diversity approach to estimate biodiversity when natural grasslands are observed.
Nevertheless, at IT-MBo, the optical diversity metric SD calculated from post-processed
hyperspectral images and transformed spectra showed, in the red part of the spectrum, a significant
correlation (up to R = 0.56, p = 0.004) with biodiversity indices. Spatial resampling highlighted that
for the IT-PD sward the optimal optical pixel size was 1 cm, while for the IT-MBo natural grassland
it was 1 mm. The random pixel extraction did not improve the performance of the optical diversity
metrics at both study sites. Further research is needed to fully understand the links between «-
diversity and spectral and biochemical heterogeneity in complex heterogeneous ecosystems, and to
assess whether the optical diversity approach can be adopted at the spatial scale to detect -
diversity. Such insights will provide more robust information on the mechanisms linking grassland
diversity and optical heterogeneity.
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1. Introduction

Biodiversity and ecosystem functions are crucial in many different ways and provide
several ecosystem services related to human well-being [1,2]. A minimum level of
biodiversity is needed for sustainable preservation to maintain ecosystem functions [3].
However, in the last decades, changes in human activities have modified the landscape in
many different regions of the planet. In the Alps, for example, such modifications have
accelerated biodiversity loss at unprecedented rates as in the last decades modifications
in society, tourism, and agricultural production have led to substantial land use changes
and a loss of landscape diversity, particularly for grassland ecosystems [4]. In this context,
to address the current decline in biodiversity, novel and efficient methods and tools are
required to monitor biodiversity across spatial scales from the leaf level to the canopy,
ecosystem, and global scales [5-7].

In recent years, improved detector technology and novel sensors providing fine-scale
hyperspectral imagery have enabled new methods to monitor ecosystem biodiversity
based on varying plant optical properties of different species or functional groups [6,8,9].
Novel imaging sensors for in-situ observations that are now commercially available [10]
have spectral and spatial resolution sufficient to identify plant species from their leaf
spectra [11,12]. Such sensors can also be used to investigate the links between optical
diversity and plant diversity across a range of different grassland ecosystems, from
artificial to natural. Optical diversity (also called spectral diversity) refers to the “variation
in remote sensing measurements, typically spectral reflectance, across sets of pixels and
has been proposed to relate to conventional metrics of biodiversity” [13]. Different plant
species respond in their own way to incoming solar radiation according to their pigment,
water, and biochemical content, as well as leaf and canopy structure. Thus, the variability
in the remotely sensed spectra might enable detection of plant species diversity [13-17].
This concept represents the basis of the spectral variability hypothesis (SVH): as the
number of plant species increases for a given area, the spectral diversity observed from
that area should also increase [18,19]. In the literature, there are different methods
developed by the remote sensing community to quantify the spectral diversity and to
relate it to a-diversity. a-diversity is commonly measured by species richness (number of
species in the sampling area) or can be quantified with other heterogeneity measures, such
as e.g., the Shannon’s index [20], Simpson’s index [21], and species evenness [22], which
measure the even abundance between species and dominance of the species.

Several studies have tested the SVH in various ecosystems and at various spatial
scales (grasslands: [13,23-25]; forests: [26,27]; wetlands: [19]) and reported that spectral
diversity metrics can be used as a proxy of a-diversity. Spectral diversity metrics include
the coefficient of variation (CV) [13,28,29] and the standard deviation (SD) across the
wavelengths [24], the mean distance of pixels from the spectral centroid [16], the convex
hull area of pixels in spectral feature space [28] and the spectral variance [30]. Schweiger
et al. [15] used spectral diversity based on the dissimilarity of 1000 randomly extracted
vegetation pixels per plant community from high-resolution proximal data to test the
relationship between spectral diversity and productivity. Many studies, however, were
mostly focused on artificially established (sown) plant communities with relatively low
diversity, which are very different in terms of structure from natural plant communities.
Man-made ecosystems cannot be considered as fully representative of the complexity of
natural field ecological conditions [15]. A review of the results achieved in previous
studies with respect to herbaceous canopies and grassland types is summarized in Table
1. These studies reported a positive correlation (up to R?=0.58) between spectral diversity
metrics and a-diversity in grassland ecosystems [13,14,24]. Aneece et al. [24] related
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spectral diversity (expressed as SD) with species diversity (Shannon-Weiner index) and
evaluated correlations (R2 = 0.43) across different spectral regions from visible (VIS) and
near-infrared (NIR). In another study, Wang et al. [13] used the average CV of spectral
reflectance calculated over the 430-925 nm wavelength as an indicator of optical diversity
and then compared the CV values obtained at different spatial scales ranging from 1 mm
to 1 m with a-diversity metrics. Peng et al. [14] investigated a natural temperate grassland
(with a maximum species richness of 12 in a 0.8 m diameter plot), and reported that the
maximum R? value of the correlation between optical diversity and a-diversity was 0.40.

Table 1. Summary of some of the previous studies using the optical diversity approach to estimate biodiversity.

Correlation
Range of between
T f tical Di it Biodiversit tical
Study ypeo Species Per  Plot Size Sensor Used Optica Tver51 Y 10 1\fer51 Y . Op 1 ca
Grasslands Plot Metrics Indices  Diversity and
Biodiversity
Metrics
SD ! of reflectance
Abandoned (average across 590 to  Shannon’s R2(0.37)
areas, early 1 m? 674 nm)
Aneece etal. successional (Footprint ASD Field SD of CR ' (average
1to5 Sh ’ R?(0.43
[24] stages with © diameter 1.15  spectrometer across 590 to 674 nm) annomns 043)
exotic species m) SD of FD ! of original
(US) reflectance (average Shannon’s R2(0.43)
across 925 to 1025 nm)
species )
Artificial richness R (047)
grassland with Imaging Shannon’s R2(0.43)
Wangetal. native species 1to 16 1m? spectrometer CV ! (average across 430 Simpson’s R2(0.58)
[13] planted in (mounted on a to 925 nm) species
. R (0.42)
Prairie tram) evenness
Ecosystem (US) PSvV1 R2(0.00)
PSE! R (0.27)
Natural 0.5 m?
P L. F i ASD Fiel 2 i
eng et a temperate lto12 ( ootprint SD FieldSpec SVIs 1 (FDs) s.pec1es R? (0.40)
[14] grasslands diameter 0.8  spectrometer richness
(China) m)
. CV, SD (average at
. Imaging X
Experimental different spectral .
0.0625 m? spectrometer . species . .
Present study  golf turf 1to9 regions, across the . In discussion
0.25 m? (mounted on a richness
grassland plots . spectrum, and at each
tripod)
spectral band)
. CV, SD (average at ‘spec1es
Imaging . richness,
Subalpine spectrometer different spectral Shannon’s,
Present study p 2to 17 0.0625 m? P regions, across the . Indiscussion
grasslands (mounted on a species
. spectrum, and at each
tripod) evenness,
spectral band) . i
Simpson’s

1 SD: standard deviation, CR: continuum removed, FD: first derivative, CV: coefficient of variation, PSV: phylogenetic
species variability, PSE: phylogenetic species evenness, SVIs: spectral vegetation indices.

The relationship between spectral diversity and biodiversity demonstrated to be not
consistent across plant communities. For example, Lucas and Carter [31] investigated the
link between spectral diversity metrics (expressed in terms of CV) and species richness
and revealed contradictory relationships between spectral a-diversity and species
richness in meadows of Horn Island (Mississippi, USA). The accuracy of the species
diversity estimation varied with the spectral data acquisition and with the level of
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complexity of the community. Spatially heterogeneous canopy structure has a greater
possibility to create heterogeneous shadow patterns. Heterogeneous canopy shadow
patterns modify optical diversity patterns, which are influenced not only by plant
diversity but also by shadow rates. Additionally, phenology status shifts among different
species may lead to major structural differences in terms of different rates and different
spatial distribution of non-photosynthetic elements (e.g., flowers, dead material [32,33]).
This heterogeneity may create a further shift between optical diversity metrics and the
measured biodiversity metrics; as a result, the accuracy of the estimation of biodiversity
metrics can be reduced [14].

Uncertainties in the remote estimation of canopy biodiversity also exists because
species richness is an aggregated measure of diversity that does not take explicitly into
account either canopy structure or composition, the two main vegetation properties that
are more easily captured by remotely sensed data [34]. With the advancement of proximal
sensors technology and the use of very-high spatial resolution (up to 1 mm) imagery [10],
new opportunities arise, although some new challenges need to be considered. Ideally,
the pixel size should be smaller than the sampling unit, especially when estimating a-
diversity by using the spectral diversity approach [35]. However, at the same time, a few
authors highlighted the drawback of very-high spatial resolution imagery and state that
a finer scale increases the spectral variability caused by canopy non-photosynthetic
elements (flowers and dead material), shadowed pixels, and overexposed pixels, which
often hamper the separability of the individual plant species in pixel-based studies
[13,28,36]. Similarly, Nagendra [34] stressed the downside of very-high spatial resolution,
which can be excessive in respect to the objects being represented, contributing to the
variability in optical patterns, and a reduction in the accuracy in classification studies [37].
In the optical diversity context, Rocchini et al. [35] stated that when very-high spatial
resolution is used to monitor the species diversity, the shadowed pixels may create a
higher spatial heterogeneity among the spectra, which leads to noise rather than
enhancing the information content.

The aforementioned studies on grasslands [13,14,24] were focused on relatively low-
diversity or artificially established plant communities which are very different in terms of
structure and complexity from the natural grassland plant communities. The studies on
grassland biodiversity are often carried out at small scale using a “within-site” approach
to keep environmental conditions among treatments as much constant as possible [38] and
are often based on manipulation of species richness. In this regard, Grace et al. [39]
highlighted the limits of manipulation experiments in ecological studies and the need for
more analyses focused on mature natural ecosystems.

The present study examined the possibility to use variability in vegetation optical
properties to assess species diversity in grassland ecosystems using very high spatial
resolution hyperspectral data. Spectral diversity has been quantified through the analysis
of the CV ([13,23,40]) and the SD ([14,24,41]) of the original and transformed hyperspectral
reflectance. We conducted two sets of experiments in two different grasslands with
different origin and different diversity levels. The first ecosystem was a turfgrass
established artificially by seeding a limited number of species (1-9 species in 2 x 2 m plots),
while the second was a subalpine semi-natural grassland characterized by high diversity
(up to 17 species in a 0.25 x 0.25 m plot).

Specific field campaigns were carried out to test the following research questions:

(1) Is there a relationship between plant a-diversity and spectral diversity proxies
obtained using high spatial and spectral resolution imagery? Can this relationship be
observed both in the species-poor turf grassland and in the subalpine semi-natural
grassland characterized by high biodiversity and heterogeneous canopy structure?

(2) What is the impact of processing methods, such as filtering and spectral
transformations, on the correlations between grassland spectral diversity and
biodiversity metrics?
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(3) What is the impact of the spatial sampling scale and random pixel extraction on the
relationship between grassland optical diversity and biodiversity metrics?

2. Materials and Methods
2.1. Study Area

The dataset used in this study was collected at two grassland sites characterized by
different structure, species composition, and origin (Supplementary Materials, Figure S1).
The first site was a turf grassland (Figure 1) located on the Experimental Farm of the
University of Padova, in Legnaro, Italy (45°21' N, 11°58' E; 6 m a.s.al., IT-PD), where plots
of varying species richness (ranging from 1 to 9) were established in September 2018 by
seeding. The established plots were arranged in a square (2 x 2 m) design and were
managed by removing weeds and mowed with a rotary mower machine at approximately
4.7 mm every other week. Subplots with dimensions of 0.25 x 0.25 m and 0.5 x 0.5 m were
chosen within the 2 x 2 m square plots for the spectral and biodiversity analysis. The
species composition of the investigated plots at IT-PD is summarized in Table S1 in
Supplementary Materials.

The second site was a permanent semi-natural grassland (Figure 1) situated in the
Italian subalpine vegetation belt at Viote del Monte Bondone, Trentino province, Italy
(46°00" N, 11°01" E; 1480-1550 m a.s.al., IT-MBo). The grassland area lies on a plateau, and
it is managed extensively as a meadow with low mineral fertilization. It is cut once a year
around mid-July at the green biomass peak time, and it is characterized by very high plant
diversity [42]. Several different vegetation types can be found in the area with extremely
varying canopy structure and biomass [43,44]. The Sieverso-Nardetum strictae association
covers a high portion of the plateau characterized by short canopies. The Scorzonero
Aristatae-Agrostidetum tenuis association canopy is generally taller, and it grows on
calcareous soils. The latter association includes more productive species, and it can be
found in the most fertile and well-exposed areas of the plateau [43]. The species
composition of the 25 investigated plots (0.25 x 0.25 m) of the IT-MBo plateau is
summarized in Table S2 in Supplementary Materials.
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Figure 1. (A) Location of the sample plots in both study areas (IT-PD and IT-MBo). (B) The IT-PD plots (n = 9) are located
at the experimental farm of the University of Padova (Legnaro, Italy). (C) IT-MBo plots (1 = 25) are located in the natural
grassland ecosystem in the Italian Alps (Monte Bondone, Trento, Italy). RGB images of selected plots of both study sites

are shown on the right.
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The methodological flowchart of the study is shown in Figure 2. In the following
sections, each step is described in detail.

| IT-PD n=9) | [IT-MBo (n=30) |

|
| |

| Hyperspectral Images | | Floristic information ‘

Quality check (IT-PD
(n=9); IT-MBo (n=25)) ‘ Species level |

|

| ROI selection ‘
I Biodiversity indices (IT-PD: species
S_moothmg filter richness; IT-MBo: species richness,
savitzky golay (n=25) Shannon’s index, species evenness,
Simpson’s index}

| Level, processing
| Level, processing
Pearson’s
| Level, processing Correlation
Level, processing

Optical diversity metrics

Resampling Level, (CV and 5D}

(1,2.5,5mm and 1, 2.5, 5, and 8.3
cm)

Random pixel extraction

from Level,
(50, 100,150, 200, 250, 300, and 500
pixels)

Figure 2. Flowchart representing the data processing approach used in this study. See Section 2.4
for details on the different levels of processing.

2.2. Biodiversity

To collect the floristic information, vegetation surveys were carried out by a trained
person within the study areas. At the IT-PD site, the species number was counted after
identification of all species within the ROI (0.25 x 0.25 m and 0.5 x 0.5 m). At the IT-MBo
site, the species composition was determined by listing all plant species within the ROI
(0.25 x 0.25 m) and visually estimating their percent cover [45]. Species percent cover
information was used to calculate the following biodiversity indices: species richness (S),
Shannon'’s index (H’), Simpson’s index (D), and species evenness (J, calculated as Pielou’s
index). The details regarding the biodiversity indices are reported in Table 2. All
biodiversity indices were calculated using the ‘vegan’ R package [46].

Table 2. Biodiversity metrics used in this study. pi is the proportion of the species i.

Biodiversity Metrics Formula Reference
species richness (S) S = number of species [47]
s
Shannon’s index (H’) H = - Z p; In(p;) [20]
i=1
species evenness (J) J= H'/In(S) [22]
s

Simpson'’s index (D) D=1- Z p? [21]
i=1
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2.3. Spectral Data Acquisition

At the IT-PD site, the hyperspectral data of the nine plots were collected in the
summer of 2019 by means of a SPECIM IQ hyperspectral camera (SPECIM Ltd., Finland).
The spatial sampling of the camera is 512 pixels per line and the spectral resolution is 7
nm, with 204 bands across the VIS (397 nm-700 nm) and NIR (700 nm-1003 nm) spectral
range. The hyperspectral camera was mounted on a tripod and two nadir images were
collected at approximately 1 and 2 m from the ground (with an image footprint of
approximately 0.55 x 0.55 m and 1.1 x 1.1 m, respectively). The images were acquired using
the simultaneous mode (the white reference panel was recorded simultaneously with the
targeted vegetation). For both study sites, the spectral data were acquired between 11:00
and 14:00 local time under clear sky conditions. To record the images, an integration time
of 1 millisecond was used, which provided a weak signal, but ensured non-saturated
images. The SPECIM IQ did not allow the acquisition of non-saturated images with higher
integration time under clear sky conditions. The ROIs (0.25 x 0.25 m and 0.5 x 0.5 m) of the
IT-PD images were extracted and used for post-processing and spectral diversity metrics
calculations. The distance from the canopy was approximately 1 m for IT-PD and 0.7 m
for IT-MBo site. Although the distance between the canopy and the camera was kept as
constant as possible, the number of pixels within the ROIs was not exactly the same due
to slight variation in canopy height. In the IT-PD plots, the average number of pixels per
ROI was 64,260 pixels, with an average pixel size of 1 mm (pixel size: min, 0.95 mm and
max, 1.02 mm) and 10,8240 pixels with an average pixel size of 1.5 mm (pixel size: min.
1.48 mm and max. 1.56 mm) within the ROISs of 0.25 x 0.25 m and 0.5 x 0.5 m, respectively.

At the IT-MBo site, we selected 30 randomly distributed plots with species richness
ranging from 2 to 17. In the summer of 2018, at the biomass peak time, we collected canopy
level spectral data using the same SPECIM IQ camera. The canopy height at IT-MBo was
not consistent between the plots (varied from 0.3 to 1.2 m); therefore, the hyperspectral
images were collected approximately 0.7 m from the canopy level to capture a squared
footprint of approximately 0.55 x 0.55 m. A 0.25 x 0.25 m frame was placed within each
image footprint to define the ROIs used for post-processing and spectral diversity metrics
calculations. The average number of pixels within the IT-MBo ROIs was 84,100 with an
average pixel size of 0.9 mm (pixel size: min, 0.70 mm and max, 1.48 mm). All the 30 plots
images were visually evaluated to remove any blurred (because of moving leaves due to
windy conditions) and out of focus images. Finally, 5 plots were discarded after the
quality check of the hyperspectral images and 25 plots were kept for further analysis.

2.4. Pre- and Post-Processing

ROIs were extracted from the image using the ENVI (version 4.8) software. For
further processing, we used the open-source statistical software R [48]. The pre- and post-
processing of the hyperspectral data were categorized into four processing levels. In
Levelo, corresponding to processing of the raw spectral data, the bands 397411 and 930-
1003 nm were removed to avoid the use of noisy data which were detected in these
spectral regions [10]. To further reduce the noise in the spectral signature, a Savitzky—
Golay smoothing filter [49] was applied using a 25-band window width.

The brightness of the spectra may be affected by heterogeneous illumination, leaf
volume, or subpixel shade [50]. For Leveli processing, we applied brightness
normalization [50] to all the images and then calculated the optical diversity metrics from
the brightness normalized images.

For Level: processing, we applied specific filters to remove bright pixels from the
images, alongside pixels containing flowers, shadows, and soil background, as they are
not linked to plant biodiversity. We used the red band (680 nm) to remove shadowed
pixels [51], and the thresholds were defined by visual interpretation. Pixels with red band
reflectance below the first quartile were found to be suitable for obtaining a reliable
separation between shaded and sunlit pixels for the investigated plots. To filter the flower
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pixels, we used the red-green normalized difference vegetation index (NDVIrg) based on
the red and green bands (640 and 551 nm, respectively). Pixels with an NDVIrg value
higher or equal to the visually selected threshold of 0.1 were excluded [52]. Furthermore,
to remove the bright pixels in the images due to hot spots at the leaf level, we used the
NIR band (865 nm) and selected a threshold value (>third quartile) to filter out the over-
illuminated pixels. To remove dead leaves pixels, we used a normalized difference
vegetation index (NDVI) mask (<0.7) for all of the images. For Level: processing, about
46% for IT-PD and 54% for IT-MBo of the pixels from the total number of pixels within
the ROIs were classified as shadows, flowers, dead leaves, and bright pixels and were
filtered out.

To normalize the spectral features and reduce noise, spectral vegetation indices are
commonly used to remotely evaluate vegetation covers both quantitatively and
qualitatively [53]. In some cases, transformed (continuum-removed —CR) spectra is used
to normalize reflectance data [24]. To further improve the quality of the images for Levels
processing, we, therefore, calculated the CR spectra from the Level>-processed data.

2.5. Calculation of Optical Diversity Metrics

As an indicator of the optical diversity of each plot, we used two spectral diversity
metrics: the CV (i.e., ratio of the standard deviation to the mean, [13,41]) and the SD
calculated as the average across the spectrum [13] from the Levelo-processed data using
the following equations:

Z"” ( std (pa) )
_ Lup=a1s \mean (p;) D

cVv; =
fmage — number of bands

930

D ) o
mage " number of bands

where p, represents the reflectance value at wavelength A1 and std (p;) and mean (p,)
indicate the standard deviation and mean value of the reflectance at wavelength 14,
respectively. The average CV and SD were also calculated considering different spectral
regions (408-499 nm, 500-589 nm, 590-674 nm, 675-754 nm, and 755-930 nm) as in Aneece
et al. [24] from the Levelo-processed data. We also calculated the CV and SD for each
spectral band using Equations (3) and (4) from the original images and for each of the
post-processing levels (Levelo processing, Level: processing, Level processing, and Levels
processing) described in Section 2.4:

std (p;)
CVimage @ = W i
SDimage 1y = std (o2) ?

where p; represents the reflectance value at the wavelength A and std (p;) and mean (p;)
indicate the standard deviation and mean value of the reflectance at the wavelength 4,
respectively. The CV and SD calculated from the fully transformed Levels reflectance
(brightness normalized, filtered, and CR) are shown in Figures 3 (IT-PD CV: E and IT-PD
SD: F) and 4 (IT-MBo CV: E and IT-MBo SD: F).

The effects of pixel resolution and random pixel extraction on the relationship
between optical diversity and biodiversity indices were tested at both sites. To study the
impact of spatial resolution, the original data were resampled using the nearest neighbor
algorithm to different spatial resolutions (1 mm, 2.5 mm, 5 mm, 1 cm, 2.5 cm, 5 cm, and
8.3 cm), processed with Levels processing, and then the obtained pixels (approximately
54% of the pixels for IT-PD and 46% for IT-MBo) were used to calculate the optical
diversity metrics at each resolution. Finally, to evaluate the sample size effects on the
relationships between optical diversity and biodiversity indices, a varying number of
pixels (50, 100, 150, 250, 300, and 500) were randomly extracted from the Levels-processed
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data. Pixel random extraction was re-iterated 10 times and the optical diversity metrics
were calculated at each extraction, and the 10 R values of the correlations between
biodiversity and optical diversity metrics were averaged.

2.6. Statistical Analysis

The Pearson correlation coefficient (R) and the corresponding p values between the
optical diversity metrics (CV and SD) and the biodiversity indices (species richness,
Shannon’s index, Simpson’s index, and species evenness) of the surveyed plots were
calculated with the “cor.test” function in the “stats” package separately for the two
grassland sites. Calculations were done for both the original and transformed reflectance
data. Normality of the data and residuals of the correlation between the best correlated
optical diversity metrics and the field-measured species richness was checked with a
Shapiro-Wilk test using the “shapiro.test” function in the “stats” package. The analyses
were performed with the statistical software R (version 3.6.1) [48].

3. Results

In Figures 3 and 4, the mean original reflectance (panel A), mean transformed
reflectance (panels B-D), and the spectral diversity metrics (CV and SD, panels E and F,
respectively) from each plot are presented with respect to the plot species richness at both
study sites.

The original mean reflectance values of the different plots showed some variability,
especially in the NIR domain, at both study sites (Figures 3A and 4A). Reflectance values
and spectral variability among the plots was reduced when brightness normalization was
applied to the hyperspectral image (Figures 3B and 4B). Additionally, the variability was
slightly reduced when a filter was used to remove flowers, shadows, and bright pixels
from the images (Figures 3C and 4C). The CR spectra calculated from the brightness
normalized and filtered images also showed low variability in the spectra, at both study
sites (Figures 3D and 4D).

At the IT-PD site, the mean original reflectance obtained from the 1 mm pixel size
data (solid line, Figure 3A) was higher compared to the mean reflectance from the 1.5 mm
pixel size data (dashed line, Figure 3A). There was not much difference observed between
the mean spectra from the two different spatial resolutions (1 and 1.5 mm) at different
processing stages (Figure 3B-D). In general, the reflectance increased with the increase of
species richness from 1 to 4 and then it started to decrease (Figure 3A). On the other hand,
at the IT-MBo, a clear link of the reflectance values with species richness was not noted
(Figure 4A).
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Figure 3. Mean reflectance spectra of nine plots located at the IT-PD site: (A) Original reflectance; (B) Brightness
normalized reflectance; (C) Brightness normalized and filtered reflectance; (D) Brightness normalized, filtered, and
continuum removed spectra; (E) Coefficient of variation; (F) Standard deviation. In panels (A-F), a solid line represents
the mean reflectance obtained from 0.25 x 0.25 m ROIs with a pixel size of 1 mm and a dashed line represents reflectance
from 0.25 x 0.25 m ROIs with a pixel size of 1.5 mm.

The optical diversity measured by the CV from the Levels-processed data showed
that the spectral variability in the reflectance within plots was particularly high in the VIS
part of the spectrum, while the variability in the NIR spectral region was low (Figure 3E).
In general, the highest CV values were observed in the plots where four species were
observed, while the lowest CV values in the plots with three species (Figure 3E).
Therefore, no manifest association with plant biodiversity was observed. The SD showed
three peaks in the blue, green, and red-edge spectral domains, and the lowest SD was
detected around 680 nm (Figure 3F).

The lack of relationship between the spectral diversity across the spectrum (CV and
SD) and species richness was particularly pronounced at the IT-MBo site (Figure 4).
Similarly to the IT-PD site, the CV at the IT-MBo site showed that variability was observed
mainly in the VIS part of the spectrum, while the NIR spectral region was characterized
by low variability (Figure 4E). The SD at IT-MBo showed three peaks across the spectrum
(Figure 4 F). As in the IT-PD dataset, the highest values of SD were found around the blue,
green, and red-edge part of the spectrum, while the lowest SD was detected around 680
nm at the IT-MBo site (Figure 4F).
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In this study, the performance of spectral diversity to estimate plant diversity was
not consistent across the spatial scale, over different grassland ecosystems, and across
different spectral regions. For the IT-PD site, the Pearson correlation analysis revealed
positive correlations between optical diversity metrics (calculated from the Levelo data
and averaged across the spectrum) and species diversity except for the SD metric
calculated from 1.5 mm pixel size data, which showed almost no correlation in the NIR
part of the spectrum (Appendix A, Figure Al). For both datasets, the CV in different
spectral regions showed higher R values compared to the SD metric in the VIS and red-
edge part of the spectrum. On the other hand, in the NIR spectral region, both metrics
showed weak correlations (1 mm: CV: R=0.23, p=0.56, SD: R=0.25, p=0.51; 1.5 mm: CV:
R=0.13, p=0.73, SD: R =-0.01, p = 0.98). At the IT-PD site, generally weak correlations
were observed between the CV calculated across the spectrum and species richness (1
mm: R =0.52, p = 0.15; 1.5 mm: R = 0.62, p = 0.08), while the SD metric showed lower R
values (1 mm: R =0.31, p = 0.41; 1.5 mm: R = 0.21, p = 0.59) for both datasets. For the IT-
MBo site, the spectral diversity metrics showed contrasting results with pervious work
[13,24], highlighting a weak correlation between optical diversity and biodiversity indices.
The correlations obtained between optical diversity metrics calculated from the Levelo
data averaged across the spectral regions and within different spectral regions showed
almost no correlation with species richness, although a weak positive correlation for CV
and SD averaged in the 408499 nm spectral region was recorded (Appendix A, Figure
A2, panel A). For other biodiversity indices (Shannon’s index, species evenness, and
Simpson’s index) both optical diversity metrics (calculated from the Levelo-processed
data) mostly showed an inverse correlation both when the CV and SD were averaged
within different spectral regions and when it was averaged across the VIS-NIR spectral
region (Appendix A, Figure A2, panels B-D).

In a further step, to check the impact of image processing on the metrics performance,
we calculated the CV and the SD for each spectral band from both untransformed (Levelo)
and transformed (Leveli, Levelz, and Levels) reflectance. We examined the correlations
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across the spectrum between species richness and both the CV and SD optical diversity
metrics and we found high R values for both spatial scales: up to R =0.83 (CV) and R =
0.84 (SD) and R = 0.87 (CV) and R = 0.86 (SD) for 1 and 1.5 mm pixel size, respectively
(Figure 5). We observed that the CV and SD calculated from transformed reflectance
showed, in general, higher R values compared to untransformed reflectance. For the 1 mm
pixel size image, the correlations between species richness and the CV and SD metrics
calculated from the transformed reflectance were mostly positive in the VIS and negative
in the NIR (Figure 5). The maximum R values and their respective wavelengths for both
datasets (1 mm and 1.5 mm) and various processing levels are reported in Table S3.

At the IT-MBo site, the shape of the R values curve was very different compared to
the IT-PD site (Figure 6). Additionally, lower R values were occurring across the spectrum,
with a small spike in the wavelengths around 680 nm for the SD calculated from Levelz
and Levels transformed reflectance. Similar trends were noted for R curves for all the
investigated biodiversity indices (Figure 6A-D). The maximum R values and their
respective wavelengths and various processing levels at IT-MBo are reported in Table S4.
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Figure 5. Correlation coefficient from the Pearson correlation analysis (R) between optical diversity expressed as CV and
SD for each wavelength from 411 to 930 nm and species richness at the IT-PD site: ( (A): 1 mm pixel size; (B): 1.5 mm pixel
size), considering different processing levels.



Remote Sens. 2021, 13, 2649

13 of 24

(A) Processing levels (B)
= Level,
m Level,
v | n Level, [
s =3
=
(=]

-0.5

= R=0.29, p =0.15 (CV) at 409 nm
= R=0.50, p =0.01 (SD) at 679 nm

= R=0.24, p = 0.25 (CV) at 409 nm
= R=0.55, p =0.004 (SD) at 688 nm

400 500 600 700 800

900

400 500 600 700 800 900

Pearson's correlation coefficient (R)
0.5

0.0

(D)

= R=0.24, p = 0.24 (CV) at 415 nm
= R=0.56, p = 0.004 (SD) at 688 nm

= R=0.20, p = 0.34 (CV) at 409 nm
= R=0.40, p = 0.05 (SD) at 691 nm

400 500 600 700 800

900

400 500 600 700 800 900

Wavelength (nm)

Figure 6. Correlation coefficient from the Pearson correlation analysis (R) between optical diversity expressed as CV and
SD for each wavelength from 411 to 930 nm and biodiversity indices at the IT-MBo site: (A) species richness; (B) Shannon’s
index; (C) species evenness index; (D) Simpson’s index, considering different processing levels.

3.1. The Impact of Spatial Resolution on the Spectral Diversity—Biodiversity Relationships

To study the scale effects, we investigated the relationships between optical diversity
and biodiversity metrics at decreasing spatial resolutions (1 mm, 2.5 mm, 5 mm, 1 cm, 2.5
cm, 5 cm, and 8.3 cm) by resampling the original spectral data (Figure 7). For the IT-PD
site, in the VIS part of the spectrum a strong relationship between optical diversity metrics
and species richness with an R value (R > 0.5) was recorded when pixel size was reduced
up to 1 cm, while with a larger pixel size (>2.5 cm), the R values started to decrease,
reaching a value of -0.15 when the pixel size increased up to 8.3 cm (Figure 7). In the NIR
part of the spectrum, a strong inverse correlation was obtained when the CV and the SD
were calculated from 1 cm resampled data. The strength of the inverse correlation started
to weaken when pixel size increased and the weakest correlation was noted with 8.3 cm
pixel size data (R =-0.3). The maximum R values and their respective wavelengths across

different spatial resolutions for the IT-PD site are summarized in Table S5.
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Figure 7. Correlation coefficient from the Pearson correlation analysis (R) at the IT-PD site between
optical diversity expressed as CV and SD for each wavelength from 411 to 930 nm at different spatial
scales and species richness.

In Figure 8, we considered the effect of pixel downsampling at the IT-MBo site. A
clear difference in R values was observed between the two optical diversity metrics:
around 680 nm, the SD showed a stronger correlation compared to the CV when the
spatial resolution was reduced up to 5 cm, while for 8.3 cm, both metrics showed a weak
inverse correlation with biodiversity indices around the same wavelengths. For the SD
metric, the effect of pixel downsampling was noticeable when the pixel size went beyond
2.5 mm, as the maximum R value around 680 nm dropped from 0.48 to 0.12, 0.55 to 0.02,
0.54 to 0.01, and 0.39 to —0.16 for the species richness, Shannon’s index, species evenness,
and Simpson’s index, respectively. In general, a similar pattern of R values was observed
for all biodiversity indices, where the CV mostly showed an inverse correlation
particularly around 550 nm, and the strength of the correlation increased with increasing
pixel sizes up to 2.5 cm. On the other hand, for lower spatial resolutions (>2.5 cm), the
strength of the correlation weakened, and for 8.3 cm, the weakest correlation was
observed at the same wavelength. Similarly, at RE spectral bands (around 720 nm), the
effect of decreasing spatial resolution could be noticed as the inverse correlation became
stronger at increasing pixel sizes up to 5 cm.
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Figure 8. Correlation coefficient from the Pearson correlation analysis (R) between the optical
diversity expressed as CV and SD for each wavelength from 411 to 930 nm at different spatial scales
and biodiversity indices at the IT-MBo site: (A) species richness; (B) Shannon’s index; (C) species
evenness; (D) Simpson’s index).

3.2. The Impact of Pixel Subsampling on the Spectral Diversity—Biodiversity Relationships

In Figure 9, we present the results achieved by using the subsampling approach
presented by Schweiger et al. [15] to calculate the optical diversity. For the IT-PD plots,
subsampling by random pixel extraction generally did not cause any major changes in the
R patterns across the spectrum, except for the NIR region, in which subsampling based
on 50, 100, 250, and 300 pixels resulted in a noticeable reduction in the R values (Figure
9). Nevertheless, positive R values were observed in the VIS part of the spectrum, while
mostly negative R values were observed in the NIR spectral bands.
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Figure 9. Correlation coefficient from the Pearson correlation analysis (R) between optical diversity
expressed as CV and SD for each wavelength from 411 to 930 nm and species richness at the IT-PD
site considering different numbers of pixels.

Similarly, for the IT-MBo site, there were generally no considerable improvements in
the correlation coefficient between the optical diversity metrics calculated using randomly
extracted subsample pixels and biodiversity indices compared to the results found
between the same metrics when considering all pixels (Figure 10). In general, the SD
metric showed stronger relationships with biodiversity indices compared to the CV
metric. The highest R value (R > 0.5) was observed around 680 nm when 250 pixels were
used to calculate the SD for all biodiversity indices, while for the CV around the same
wavelength, very low R values (R < 0.09) were obtained (Figure 10A-D). For the IT-MBo
site, the strongest relationship was observed between the Simpson’s index and the SD
metric calculated with 250 pixels at 685 nm (R = 0.62, p = 0.001, Figure 10D).
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Figure 10. Correlation coefficient from the Pearson correlation analysis (R) between optical diversity
expressed as CV and SD for each wavelength from 411 to 930 nm and biodiversity indices at the IT-
MBo site: (A) species richness index; (B) Shannon’s index; (C) species evenness; (D) Simpson’s
index, considering different number of pixels.

4. Discussion

Similarly to other authors [13,14,24], our study found a significant relationship
between spectral diversity (expressed as CV and SD) and species diversity in the lower-
diversity artificial grassland site. However, the data acquired at the semi-natural
subalpine grassland at IT-MBo with the same methodology and analyzed with the same
approach provided much weaker correlations. Such results may be due to the very high
level of biodiversity (up to 17 species in a 0.25 x 0.25 m plot) and to the rather complex
structure of the IT-MBo grasslands [44] compared to the low-diversity turf canopy at the
IT-PD site. Our main findings questioned the applicability of the optical diversity method
to estimate biodiversity in highly diverse grasslands, such as the ones at the IT-MBo site.
Despite the fact that we used several different processing techniques to enhance the
optical diversity signal, for the subalpine grassland site of IT-MBo, we were not able to
match the performance of optical-based methods to estimate the biodiversity reported in
other studies [13,14,24]. In Aneece et al. [24], an artificial ecosystem (with max. 5
species/m?) was investigated, and the maximum R? value of the correlation between the
optical diversity and a-diversity was 0.43. Wang et al. [13] carried out on an artificial
grassland (max. 16 species/m?), in which the maximum R? value reached 0.58, while in the
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study of Peng et al. [14], which focused on natural grasslands (with a maximum species
richness of 12 in a 0.8 m diameter plot), the maximum R? value reached 0.40.

In our study, when optical diversity metrics were averaged across different spectral
regions as in Aneece et al. [24] and across the spectrum as in Wang et al. [13], we found
contradictory results at the two sites. At the IT-PD site, a positive correlation between
optical diversity metrics and biodiversity indices was mostly observed, while at the IT-
MBo site, the correlation was mostly negative (IT-PD and IT-MBo; Appendix A, Figure
A1, panels A, B and Figure A2, panels A-D, respectively). When the CV and the SD were
calculated for each spectral band on a separate basis, the R reached much higher values:
0.84 (SD metric at 927 nm) and 0.87 (CV metric at 412 nm) in the artificial turfgrass
(maximum number of species was 9 in a 0.25 x 0.25 m and 0.5 x 0.5 m area). The maximum
R value in the species-rich subalpine grassland was only 0.56 for the SD metric at 688 nm
(maximum number of species was 17 in a 0.25 x 0.25 m area, Figure 6, panel C).
Considering these results, we may conclude that the optical diversity approach appears
more suitable for lower-diversity or artificial systems, and its application may be more
challenging in highly diverse grasslands.

The applicability of the methods to estimate species diversity using hyperspectral
data was also questioned by other authors [28,31]. In these studies, the relationships
between species diversity and optical diversity metrics were not consistent across plant
communities. Lucas and Carter [31] evaluated the prediction of species diversity (species
richness) in Horn Island, Mississippi by using ground transect data and remotely sensed
data. However, they failed to find a significant relationship between spectral diversity
metrics and species richness, which may be due to the fact that their study considered
highly diverse habitat types. Gholizadeh et al. [28] investigated the SVH-based
approaches to access the a-diversity in Cedar Creek Ecosystem Science Reserve in Central
Minnesota, USA and highlighted the effect of soil background on the performance of
optical diversity metrics. The authors achieved significant correlations between spectral
diversity metrics and the species richness when they applied an NDVI filter to remove the
soil background from the hyperspectral image. In our study, however, the impact of soil
was minimal, as the fractional cover of the vast majority of the plots was 100% (it was
lower than 100% in only eight plots, but always higher than 99.5%). Wang et al. [13]
provided significant and detailed insights on the possible factors affecting the optical
diversity and biodiversity relationships, highlighting the fact that canopy structure effects
can determine substantial illumination and scattering differences and both leaf traits and
canopy structure strongly influence optical diversity metrics. As a consequence of the fact
that canopy structure can influence the optical diversity and modify the optical diversity—
plant diversity relationships, we can expect that in heterogeneous grasslands
characterized by complex structural patterns and by a very high number of species,
biodiversity estimations based on optical diversity are not always reliable.

In this work, we adopted a range of techniques to fully disentangle the optical
diversity due to plant diversity from the optical diversity due to illumination artifacts, or
due to the presence of pixels of non-photosynthetic material, such as dead material or
flowers. The results of this paper highlight the impact of image processing techniques on
the relationships between optical data and grassland diversity. The developed processing
flow proved, in general, to slightly improve the remote estimations of plant diversity, by
limiting the influence of the factors determining optical diversity but not related to plant
diversity. As shown by other authors, spectral diversity is affected by canopy non-
photosynthetic elements, such as flowers and, dead material, as well as by shaded pixels,
overexposed pixels, and the soil background [13,14,28,36]. To normalize the effect of
shadows, Feilhauer et al. [50] proposed the brightness normalization approach to
minimize the spectral differences between the sunlit and shaded areas. In the present
study, we observed that after applying brightness normalization to the hyperspectral
images, the reflectance variability in the NIR was strongly reduced. In our case, the
performance of the models to estimate grassland biodiversity did not significantly
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improve compared to the original dataset when this transformation method was used
alone. However, the filtering of flowers, shadows, and bright pixels and then the
transformation of the reflectance to CR minimized the spectral differences, which were
not linked to species diversity and improved the diversity estimations. Heumann et al.
[19] studied the impact that flowers have on spectral diversity and investigated how this
may influence the applicability of the spectral diversity hypothesis. These authors
reported that the inclusion of flower spectra increased the normalized root mean square
error (NRMSE) by 30% for Shannon’s diversity index, because there would be more
inherent spectral diversity for each given species due to the spectral response difference
between leaves and flowers.

The optical diversity—plant diversity relationships appeared to be both ecosystem-
dependent and scale-dependent. Spatial scale was shown to strongly affect the spectral
diversity-biodiversity relationships. In the study of Wang et al. [13], with decreasing
spatial resolution, the variability in reflectance and, therefore, CV and SD decreased, and
the optical detectability of biodiversity was reduced. In our study, however, the
correlation between optical diversity metrics and species richness initially increased and
was only reduced when the pixel size was beyond 2.5 cm in IT-PD, even if for most of the
species the average leaf size was much lower than this value. For IT-MBo, the optimal
pixel size (at 680 nm) was 1 mm. Conversely, according to Wang et al. [13] the optimal
pixel size to detect species diversity using spectral diversity should match the size of the
objects within the sampling unit.

Another key finding of this paper concerns the impact of processing methods on the
performance of the optical diversity approach. When we compared the performances of
the CV and SD metrics, we demonstrated that Levels data generally showed higher
correlations with biodiversity indices, and that the use of CR spectra generally improved
the R values of the correlation between SD and species diversity. Similarly to Blanco-
Sacristan et al. [41], we found that the spectral bands in the red part of the spectrum
(around 680 nm) showed to be best for estimating biodiversity in both grasslands. In our
study, a random extraction of pixels did not improve our results as in Schweiger et al. [15],
who achieved successful results based on links between spectral, functional, and
phylogenetic diversity.

Man-made grasslands, obtained by sowing, are simplified ecosystems which may not
be representative of the complexity of natural field ecological conditions, where leaf and
canopy traits can contribute to optical diversity in several ways, adding complexity to the
optical and plant diversity relationships in natural grasslands [54]. This can explain the
poor performance of the optical sampling methods in complex grassland canopies. In this
respect, Wang et al. [40], adopting a modeling approach, observed that grassland
biodiversity estimations are strongly affected by species intra-variations, which can be
relevant even when caused by a single species. In natural grasslands located in
heterogeneous landscapes such as the environment of the Alps, where (i) different
associations and sub-associations can be found within a few meters distance, and
transition zones are very frequent, (ii) geomorphology, soil characteristics and origin, and
grassland vertical structure profile can strongly vary on the spatial basis, and (iii) the
number of species is particularly high, estimating grassland a-diversity using optical
methods can be extremely challenging. From an ecological point of view, Grace et al. [39]
highlighted the limits of manipulation experiments and the need for more analyses
focused on mature natural ecosystems. In this regard, these authors stated that the
ecological mechanisms cannot be extrapolated from studies of synthesized assemblages
to mature natural ecosystems. Analogously, the optical diversity approach—based on
grassland functional diversity dynamics determining spectra variability —may not be
always transferable to mature and very complex natural grassland ecosystems.

The VIS part of the spectrum (and in particular the red domain), characterized by a
strong absorbance, showed to be one of the key spectral areas for biodiversity detection.
This highlights the importance for further studies to investigate canopy biochemistry
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variability and its link with both biodiversity and optical diversity. To detect a-
biodiversity using optical methods, we should be able to detect biochemistry content and
its variability within the canopy. However, this may not be possible when grasslands with
heterogeneous structure are observed. Previous studies on the IT-MBo grasslands [44]
determined how, due to structural complexity and heterogeneity, plant trait co-variation
can strongly affect the ability to retrieve grassland traits using spectral data. More work
is needed to determine how, in different grassland ecosystems, the optical dissimilarity of
canopy spectra captures grassland functional differences and biochemical content
variability (at the plot and at the spatial scale) determined by plant diversity. Additionally,
further research will be able to clarify if in complex heterogeneous ecosystems, such as
the grasslands of the Alps, the optical diversity approach can be adopted at the spatial
scale to detect 3-diversity. Such insights will provide more robust information on the
mechanisms linking the optical diversity and the overall plant diversity.

5. Conclusions

Our study provided important observations on the performance of high spatial
resolution imagery for grassland plant diversity estimations. The relationship between
optical diversity and biodiversity proved to be ecosystem-dependent. The spectral
diversity approach to estimate biodiversity showed a similar performance to previous
studies when artificially established grasslands were observed. On the other hand, in the
natural subalpine grasslands of IT-MBo, this approach did not achieve satisfactory results,
even if specific processing techniques were adopted to disentangle the optical diversity
due to plant diversity from the optical diversity related to shadows, flowers, and brown
material. The SD metric calculated from the Levels data in the red spectral domain (around
680 nm) showed the best optical diversity metric to estimate biodiversity in both study
sites. The results of our study showed that the use of the optical diversity approach as a
proxy of plant diversity has some limitations, particularly when high-biodiversity natural
landscapes are observed.

Spectral variation drivers include not only species richness but other important
factors, e.g., intra-specific optical, biophysical, and biochemical variability. Other
important factors include, e.g., vegetation structure, shadows, and phenology. Several
post-processing methods (including brightness normalization, filtering of shadowed and
bright pixels, non-photosynthetic element pixels filtering, and continuum removal) were
tested successfully, which generally improved the performance of the optical diversity
models. On the other hand, the pixel subsampling approach was not shown to be effective
in our study. Interesting insights were provided by the scale effect study, such as that the
optimum pixel size (1 cm) for biodiversity estimations—at the turf grass site—was
generally higher than expected, according to previous studies. However, more advanced
post-processing image methods or the adoption of higher resolution imagery (pixel size <
1 mm, which was not tested in this study) may improve the performance of the optical
diversity metrics to estimate biodiversity even in heterogeneous grassland ecosystems.
More studies are needed to fully investigate the mechanisms at the basis of the optical
diversity, to highlight the pigment content variability and a-diversity relationships in
high biodiversity grasslands, and to provide novel insights on the reliability of 3-diversity
estimations at the spatial scale.

Supplementary Materials: The following are available online at
www.mdpi.com/article/10.3390/rs13142649/s1, Figure S1. RGB images of the different plots at the
IT-PD and the IT-MBo study sites, Table S1: Species richness and composition of each plot
investigated at the IT-PD study site, Table S2: Species richness and composition of each of the 25
plots investigated at the IT-MBo study site, Table S3: The highest Pearson correlation coefficient (R)
and p-values (in brackets) for the relationship between species richness and two optical diversity
metrics (CV and SD) for different processing levels at the IT-PD study site. The highest R values for
each processing level are highlighted in bold, Table S4: The highest Pearson correlation coefficient
(R) and p-values (in brackets) for the relationship between biodiversity indices (species richness,
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Shannon’s index, species evenness, and Simpson’s index) and the two optical diversity metrics (CV
and SD) for different processing levels at IT-MBo the study site. The highest R values for each
processing level are highlighted in bold, Table S5: The highest Pearson correlation coefficient (R)
and p-values (in brackets) for the relationship between species richness and the two optical diversity
metrics (CV and SD) calculated from Levels-processed data at different spatial scales for the IT-PD
study site. The highest R values for each spatial scale are highlighted in bold, Table S6: The highest
Pearson correlation coefficient (R) and p-values (in brackets) for the relationship between
biodiversity indices (species richness, Shannon’s index, species evenness, and Simpson’s index) and
two optical diversity metrics (CV and SD) calculated from Levels-processed data at different spatial
scales for the IT-MBo study site. The highest R values for each spatial scale are highlighted in bold,
Table S7: The highest Pearson correlation coefficient (R) and p-values (in brackets) for the
relationship between species richness and the two optical diversity metrics (CV and SD) calculated
from Levels-processed data at different sample sizes for the IT-PD study site. The highest R values
are highlighted in bold, Table S8: The highest Pearson correlation coefficient (R) and p-values (in
brackets) for the relationship between biodiversity indices (species richness, Shannon’s index,
species evenness, and Simpson’s index) and the two optical diversity metrics (CV and SD) calculated
from Levels-processed data at different sample sizes for the IT-MBo study site. The highest R values
are highlighted in bold.
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Figure A1. Correlation coefficient from the Pearson correlation analysis (R) between the species
richness and optical diversity expressed as CV and SD, averaged across different spectral regions
(black lines) and averaged across the spectrum (red lines) computed from the Levelo-processed data
at the IT-PD site (panel (A): 1 mm pixel size; panel (B): 1.5 mm pixel size).
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Figure A2. Correlation coefficient from the Pearson correlation analysis (R) between the optical
diversity expressed as CV and SD, averaged across different spectral regions (black lines) and
averaged across the spectrum (red lines) computed from the Levelo-processed data at the IT-MBo
site (panel A-D: approximately 0.9 mm pixel size) and biodiversity indices: (A) species richness; (B)
Shannon’s index; (C) species evenness; (D) Simpson’s index).



Remote Sens. 2021, 13, 2649 23 of 24

References

1.

10.

11.

12.

13.

14.

15.

16.

17.
18.
19.
20.
21.
22.
23.
24.
25.

26.

Cavender-Bares, J.; Schweiger, A.K.; Pinto-Ledezma, ].N.; Meireles, ].E. Applying remote sensing to biodiversity science. In
Remote Sensing of Plant Biodiversity; Springer International Publishing: Cham, Switzerland, 2020; pp. 13—42, ISBN 9783030331573.
Naeem, S.; Chazdon, R.; Duffy, J.E.; Prager, C.; Worm, B. Biodiversity and human well-being: An essential link for sustainable
development. Proc. R. Soc. B Biol. Sci. 2016, 283.

Laurila-Pant, M.; Lehikoinen, A.; Uusitalo, L.; Venesjdrvi, R. How to value biodiversity in environmental management? Ecol.
Indic. 2015, 55, 1-11.

Chemini, C.; Rizzoli, A. Land use change and biodiversity conservation in the Alps. ]. Mt. Ecol. 2003, 7, 1-7.

Schweiger, A.K. Spectral field campaigns: Planning and data collection. In Remote Sensing of Plant Biodiversity; Springer
International Publishing: Cham, Switzerland, 2020; pp. 385423, ISBN 9783030331573.

Gamon, J.A.; Wang, R.; Gholizadeh, H.; Zutta, B.; Townsend, P.A.; Cavender-Bares, J. Consideration of scale in remote sensing
of biodiversity. In Remote Sensing of Plant Biodiversity; Springer International Publishing: Cham, Switzerland, 2020; pp. 425-447,
ISBN 9783030331573.

Schrodt, F.; De La Barreda Bautista, B.; Williams, C.; Boyd, D.S.; Schaepman-Strub, G.; Santos, M.]. Integrating biodiversity,
remote sensing, and auxiliary information for the study of ecosystem functioning and conservation at large spatial scales. In
Remote Sensing of Plant Biodiversity; Springer International Publishing: Cham, Switzerland, 2020; pp. 449-484, ISBN
9783030331573.

Ustin, S.L.; Jacquemoud, S. How the optical properties of leaves modify the absorption and scattering of energy and enhance
leaf functionality. In Remote Sensing of Plant Biodiversity; Springer International Publishing: Cham, Switzerland, 2020; pp. 349—
384, ISBN 9783030331573.

Bolch, E.A.; Santos, M.].; Ade, C.; Khanna, S.; Basinger, N.T.; Reader, M.O.; Hestir, E.L. Remote detection of invasive alien
species. In Remote Sensing of Plant Biodiversity; Springer International Publishing: Cham, Switzerland, 2020; pp. 267-307, ISBN
9783030331573.

Behmann, J.; Acebron, K.; Emin, D.; Bennertz, S.; Matsubara, S.; Thomas, S.; Bohnenkamp, D.; Kuska, M.T.; Jussila, J.; Salo, H.;
et al. Specim IQ: Evaluation of a new, miniaturized handheld hyperspectral camera and its application for plant phenotyping
and disease detection. Sensors 2018, 18, 441. https://doi.org/10.3390/5s18020441

Pornaro, C.; Vescovo, L.; Dalponte, M.; Gianelle, D.; Macolino, S. A new hyperspectral based system for the estimation of weeds
and botanical composition of turfgrasses. In Proceedings of the 6th European Turfgrass Society Field Days, Padova, Italy, 27—
28 May 2019.

Wang, B.; An, R;; Jiang, T.; Xing, F.; Ju, F. Image spectral resolution enhancement for mapping native plant species in a typical
area of the Three-River Headwaters Region, China. Remote Sens. 2020, 12, 3146.

Wang, R.; Gamon, J.A.; Cavender-Bares, J.; Townsend, P.A.; Zygielbaum, A.L. The spatial sensitivity of the spectral diversity-
biodiversity relationship: An experimental test in a prairie grassland. Ecol. Appl. 2018, 28, 541-556.

Peng, Y.; Fan, M,; Bai, L.; Sang, W.; Feng, J.; Zhao, Z.; Tao, Z. Identification of the best hyperspectral indices in estimating plant
species richness in sandy grasslands. Remote Sens. 2019, 11, 588. https://doi.org/10.3390/rs11050588

Schweiger, A K.; Cavender-Bares, J.; Townsend, P.A.; Sarah, E. Hobby; Madritch, M.D.; Wang, R.; Tilman, D.; Gamon, J.A. Plant
spectra integrate components of biodiversity and predict ecosystem function. Nat. Ecol. Ewvol. 2018, 2.
https://doi.org/10.1038/s41559-018-0551-1

Rocchini, D.; Balkenhol, N.; Carter, G.A.; Foody, G.M.; Gillespie, T.W.; He, K.S.; Kark, S.; Levin, N.; Lucas, K.; Luoto, M; et al.
Remotely sensed spectral heterogeneity as a proxy of species diversity: Recent advances and open challenges. Ecol. Inform. 2010,
5,318-329.

Serbin, S.P.; Townsend, P.A. Scaling functional traits from leaves to canopies. In Remote Sensing of Plant Biodiversity; Springer
International Publishing: Cham, Switzerland, 2020; pp. 43-82, ISBN 9783030331573.

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

Heumann, B.W.; Hackett, R.A.; Monfils, A.K. Testing the spectral diversity hypothesis using spectroscopy data in a simulated
wetland community. Ecol. Inform. 2015, 25, 29-34.

Shannon, C.E. A Mathematical Theory of Communication. Bell Syst. Tech. ]. 1948, 27, 379-423.

Simpson, E.H. Measurement of Diversity. Nature 1949, 163, 688-688.

Pielou, E.C. The measurement of diversity in different types of biological collections. J. Theor. Biol. 1966, 13, 131-144.

Wang, R.; Gamon, J.A.; Emmerton, C.A; Li, H.; Nestola, E.; Pastorello, G.Z.; Menzer, O. Integrated analysis of productivity and
biodiversity in a southern Alberta prairie. Remote Sens. 2016, 8, 1-20.

Aneece, LP.; Epstein, H.; Lerdau, M. Correlating species and spectral diversities using hyperspectral remote sensing in early-
successional fields. Ecol. Evol. 2017, 7, 3475-3488.

Mockel, T.; Dalmayne, J.; Schmid, B.C.; Prentice, H.C.; Hall, K. Airborne hyperspectral data predict fine-scale plant species
diversity in grazed dry grasslands. Remote Sens. 2016, 8, 1-19.

Torresani, M.; Rocchini, D.; Sonnenschein, R.; Zebisch, M.; Marcantonio, M.; Ricotta, C.; Tonon, G. Estimating tree species
diversity from space in an alpine conifer forest: The Rao’s Q diversity index meets the spectral variation hypothesis. Ecol. Inform.
2019, 52, 26-34.



Remote Sens. 2021, 13, 2649 24 of 24

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Schifer, E.; Heiskanen, J.; Heikinheimo, V.; Pellikka, P. Mapping tree species diversity of a tropical montane forest by
unsupervised clustering of airborne imaging spectroscopy data. Ecol. Indic. 2016, 64, 49-58.

Gholizadeh, H.; Gamon, J.A.; Zygielbaum, A.L; Wang, R.; Schweiger, A.K.; Cavender-Bares, ]. Remote sensing of biodiversity:
Soil correction and data dimension reduction methods improve assessment of a-diversity (species richness) in prairie
ecosystems. Remote Sens. Environ. 2018, 206, 240-253.

Gholizadeh, H.; Gamon, J.A.; Townsend, P.A.; Zygielbaum, A.L; Helzer, C.J.; Hmimina, G.Y.; Yu, R.; Moore, R.M.; Schweiger,
A K,; Cavender-Bares, J. Detecting prairie biodiversity with airborne remote sensing. Remote Sens. Environ. 2019, 221, 38-49.
Laliberté, E.; Schweiger, A.K.; Legendre, P. Partitioning plant spectral diversity into alpha and beta components. Ecol. Lett. 2020,
23, 370-380.

Lucas, K.L.; Carter, G.A. The use of hyperspectral remote sensing to assess vascular plant species richness on Horn Island,
Mississippi. Remote Sens. Environ. 2008, 112, 3908-3915.

Vrieling, A.; Meroni, M.; Darvishzadeh, R.; Skidmore, A.K.; Wang, T.; Zurita-Milla, R.; Oosterbeek, K.; O’Connor, B.; Paganini,
M. Vegetation phenology from Sentinel-2 and field cameras for a Dutch barrier island. Remote Sens. Environ. 2018, 215, 517-529.
Hall, K.; Reitalu, T.; Sykes, M.T.; Prentice, H.C. Spectral heterogeneity of QuickBird satellite data is related to fine-scale plant
species spatial turnover in semi-natural grasslands. Appl. Veg. Sci. 2012, 15, 145-157.

Nagendra, H. Using remote sensing to assess biodiversity. Int. |. Remote Sens. 2001, 22, 2377-2400.

Rocchini, D.; Boyd, D.S.; Féret, ].B.; Foody, G.M.; He, K.S.; Lausch, A.; Nagendra, H.; Wegmann, M.; Pettorelli, N. Satellite
remote sensing to monitor species diversity: Potential and pitfalls. Renote Sens. Ecol. Conserv. 2016, 2, 25-36.

Lopatin, J.; Fassnacht, F.E.; Kattenborn, T.; Schmidtlein, S. Mapping plant species in mixed grassland communities using close
range imaging spectroscopy. Remote Sens. Environ. 2017, 201, 12-23.

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

Roscher, C.; Temperton, V.M.; Scherer-Lorenzen, M.; Schmitz, M.; Schumacher, J.; Schmid, B.; Buchmann, N.; Weisser, WW.;
Schulze, E.D. Overyielding in experimental grassland communities-Irrespective of species pool or spatial scale. Ecol. Lett. 2005,
8, 419-429.

Grace, ].B.; Anderson, T.M.; Smith, M.D.; Seabloom, E.; Andelman, S.J.; Meche, G.; Weiher, E.; Allain, L.K.; Jutila, H.; Sankaran,
M.; et al. Does species diversity limit productivity in natural grassland communities? Ecol. Lett. 2007, 10, 680-689.

Wang, R.; Gamon, J.A.; Schweiger, A K.; Cavender-Bares, J.; Townsend, P.A.; Zygielbaum, A.I; Kothari, S. Influence of species
richness, evenness, and composition on optical diversity: A simulation study. Remote Sens. Environ. 2018, 211, 218-228.
Blanco-Sacristan, J.; Panigada, C.; Tagliabue, G.; Gentili, R.; Colombo, R.; de Guevara, M.L.; Maestre, F.T.; Rossini, M. Spectral
diversity successfully estimates the a-diversity of Dbiocrust-forming lichens. Remote Sens. 2019, 11, 2942.
https://doi.org/10.3390/rs11242942

Donita, N.; Ivan, D.; Pedrotti, F. Structure and Productivity of the Meadows of Viote on Monte Bondone; Centro di Ecologia Alpine:
Trento, Italy, 2003; p. 36.

Sakowska, K.; MacArthur, A.; Gianelle, D.; Dalponte, M.; Alberti, G.; Gioli, B.; Miglietta, F.; Pitacco, A.; Meggio, F.; Fava, F.; et
al. Assessing Across-Scale Optical Diversity and Productivity Relationships in Grasslands of the Italian Alps. Remote Sens. 2019,
11, 614.

Imran, H.A ; Gianelle, D.; Rocchini, D.; Dalponte, M.; Martin, M.P.; Sakowska, K.; Wohlfahrt, G.; Vescovo, L. VIS-NIR, red-edge
and NIR-shoulder based normalized vegetation indices response to co-varying leaf and Canopy structural traits in
heterogeneous grasslands. Remote Sens. 2020, 12, 2254. https://doi.org/10.3390/rs12142254

Kent, M.; Coker, P. Vegetation Description and Analysis: A Practical Approach; Belhaven press: London, UK, 1992; ISBN 1852933313.
Oksanen, A.J.; Blanchet, F.G.; Friendly, M.; Kindt, R.; Legendre, P.; Mcglinn, D.; Minchin, P.R.; Hara, R.B.O.; Simpson, G.L,;
Solymos, P.; et al. Package Vegan: Community Ecol. Package 2020, 1-298.

Colwell, R.K. Biodiversity: Concepts, patterns, and measurement. In The Princeton Guide to Ecology; Princeton University Press:
Princeton, NJ, USA, 2009; pp. 257-263.

R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2019.

Savitzky, A.; Golay, M.].E. Smoothing and Differentiation of Data by Simplified Least Squares Procedures. Anal. Chem. 1964, 36,
1627-1639.

Feilhauer, H.; Asner, G.P.; Martin, R.E.; Schmidtlein, S. Brightness-normalized Partial Least Squares Regression for
hyperspectral data. ]. Quant. Spectrosc. Radiat. Transf. 2010, 111, 1947-1957.

Han, H.; Han, C.; Xue, X.; Hu, C,; Huang, L.; Li, X.; Lan, T.; Wen, M. A mixed property-based automatic shadow detection
approach for VHR multispectral remote sensing images. Appl. Sci. 2018, 8, 1883. https://doi.org/10.3390/app8101883

Wan, L.; Li, Y.; Cen, H.; Zhu, J.; Yin, W.; Wu, W.; Zhu, H.; Sun, D.; Zhou, W.; He, Y. Combining UAV-based vegetation indices
and image classification to estimate flower number in oilseed rape. Remote Sens. 2018, 10, 1984.
https://doi.org/10.3390/rs10091484

Fang, S.; Tang, W.; Peng, Y.; Gong, Y.; Dai, C.; Chai, R.; Liu, K. Remote estimation of vegetation fraction and flower fraction in
oilseed rape with unmanned aerial vehicle data. Remote Sens. 2016, 8, 416.

Wang, Y.; Cadotte, M.W.; Chen, Y; Fraser, L.H.; Zhang, Y.; Huang, F.; Luo, S.; Shi, N.; Loreau, M. Global evidence of positive
biodiversity effects on spatial ecosystem stability in natural grasslands. Nat. Commun. 2019, 10, 1-9.



