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ARTICLE INFO ABSTRACT

Space-borne remote sensing missions provide robust, timely and continuous data to assess biodiversity in remote
or protected areas, where direct field observations can be prohibited by difficult accessibility. The objective of
this study was to extend the concept of remote sensing based assessment of beta-diversity to multi-scale domain
by multi-resolution optical satellite data. This study was conducted in a reserved forest of western Himalaya,
India; a region affected by the invasive Lantana camara L (lantana). We calculated and compared Rao’s Q and
Shannon indices at different spatial resolutions (0.5, 5, and 30 m) and scales (window sizes) by using imageries
from Pléiades 1A, RapidEye, and Landsat-8 acquired in April 2013, the pre-monsoon season. Rao’s Q index
explained diversity more accurately than Shannon index for the three analyzed stand densities. Diversity was
better approximated by Rao’s Q index calculated by Pléiades 1A at a resolution of 0.5 m at low stand density. We
observed higher correlations of the average coefficient of variation (CV) with Rao’s Q and Shannon indices for
areas associated with mixed spectral reflectance caused by overstory and understory vegetation. Furthermore,
CV was lower in open areas dominated by lantana. These results indicated a strong scale and spatial resolution
dependence of Rao’s Q index on remote sensing-derived spectral heterogeneity information. When applied in
heterogeneous forest environments, Rao’s Q index could represent a better remote sensing proxy to estimate
beta-diversity than the conventional Shannon index.
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1. Introduction

Rapid industrialization and other anthropogenic factors during the
last centuries caused dramatic changes to natural vegetation ecosys-
tems. As a result, ecosystem components, such as plant biodiversity,
have been experiencing a constant decline. This has been further ex-
acerbated by the lack of knowledge on the biodiversity of large and
remote ecosystems, which are generally inaccessible. Common chal-
lenges related to plant biodiversity include conducting regular in-
ventories to quantify location and magnitude of biodiversity-related
dynamics. It is now urgent to link these dynamics with human land use
to monitor and sustain biodiversity (Bonanomi et al., 2018; Nagendra
et al., 2010; Pettorelli et al., 2014a,b).

Although terrestrial measurements for large-area biodiversity as-
sessments are the most accurate procedures for data collection and
evaluation, large-scale field data collection is a challenge on a temporal

basis due to its requirement for extensive sampling (Gillespie et al.,
2008; Hernandez-Stefanoni et al., 2012; Palmer et al., 2002; Rocchini
et al., 2005). Moreover, access to some regions is prevented due to
climatic, geographic or socio-political reasons (Hanson et al., 2009;
Rocchini et al., 2015). In contrast to ground-based observations, remote
sensing data and methods offer cost-effective spatial solutions for bio-
diversity assessment of large or remote areas. Recent studies reported
the usefulness of satellite remote sensing-based observations for mod-
eling and assessment of essential biodiversity variables in order to plan
conservation and management strategies (Kissling et al., 2018;
Vihervaara et al., 2017).

Traditionally, a- and beta-diversities have been used for the as-
sessment of biodiversity at local and regional scales, while their com-
bination (termed gamma-diversity) has been applied to estimate the
entire diversity of a given area (Lande, 1996; Whittaker, 1972). Pre-
vious studies suggested remote sensing methods to estimate species
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diversity (Levin et al., 2007; Oldeland et al., 2010; Rocchini et al.,
2010; Wang et al., 2018, 2016b). Although all these studies primarily
focused on the relationships between sample plot-based spectral values
and a-diversity (species diversity), others focused on the spectral rar-
efaction function relying on beta-diversity, i.e. between-plot spectral
differences instead of between-plot species dissimilarities (Rocchini
et al., 2011, 2009). Beta-diversity is defined as the proportion of
turnover (spatial variation) in species abundance and composition from
one site to another (Whittaker, 1972). Beta-diversity detects the relative
abundance of different species along with species richness and the
functional gradients determining the spatial variation in species com-
position (Rocchini, 2007). During the last decade, a few studies have
explored new possibilities for remote sensing-based beta-diversity
analysis by using the spectral heterogeneity information derived from
image digital numbers at plot level (Hernandez-Stefanoni et al., 2012;
Rocchini et al., 2009, 2017).

The potential of spectral heterogeneity as a proxy for the analysis of
species diversity (Rocchini et al., 2016, 2013) has recently been tested
for plant species invading forests of the western Himalaya (Khare et al.,
2018). The concept was extended to perform full remote sensing-based
analysis to assess the spectral heterogeneity in large and mountainous
reserved forest areas of Doon valley (Khare et al., 2018), where field
data collection is not feasible on a temporal basis. This demonstrated
the feasibility and tradeoffs of applying temporal multi-spatial resolu-
tion (at 30, 5 and 0.5m) Landsat-8 OLI, RapidEye and Pléiades 1A
datasets for species diversity analysis by deriving traditional Shannon
entropy (Shannon, 1948) and Rényi (1970) indices.

A new index applied on remotely sensed data, Rao’s Q, was sug-
gested to overcome the numerical drawback of Shannon and Rényi
diversity indices (Rocchini et al., 2018, 2017). Shannon index measures
the richness and relative abundance of spectral values, yet it does not
take into account the numerical magnitude of pixel values. On the
contrary, Rao’s Q index takes both numerical magnitude and pairwise
distance of pixel values into account. Moreover, Shannon index relies
solely on the relative proportion of digital numbers and is usually cal-
culated on one single band at a time, whereas Rao’s Q index allows
multiple image bands to be considered simultaneously by building a
distance matrix in several layers, maintaining its suitability for a mul-
tidimensional system (Rocchini et al., 2017).

In this study, we aim to extend the concept of remote sensing based
assessment of beta-diversity using Rao’s Q two dimensional space di-
versity. We compared the performance of the new Rao’s Q with the
conventional Shannon index for predicting species diversity at different
spatial resolutions and scales (window sizes). We tested the new
method for multi-scale assessment of species diversity using Landsat-8,
RapidEye and Pléiades 1A optical datasets during the pre-monsoon
season. Several studies have attempted to assess the field-based biodi-
versity of areas affected by the invasive lantana (Lantana camara L.)
using the traditional Shannon index (Mandal and Joshi, 2015a, 2015b,
2014), while some attempted remote sensing-based mapping and
identification of lantana-occupied sites (Gairola et al., 2013; Kimothi
and Dasari, 2010). However, to our knowledge, this is the first study to
estimate beta-diversity using high spatial resolution satellite remote
sensing derived Rao’s Q index in remote reserved forests affected by
lantana invasion. We expected that these data would be suitable proxies
for species diversity analysis.

2. Materials and methods
2.1. Study area

The study area is located in the Western Himalayan region of Doon
valley, Uttarakhand, India (29°55’ to 30°30” N and 77°35’ to 78°24’E), at
elevations ranging between 500 and 800 m above sea level (Fig. 1). The
Lachhiwala forest within the study area was selected due to its wide
variability in canopy coverage and topography. The climate is humid
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sub-tropical, with temperatures ranging from 16 to 36 °C in summer
and 5 to 23 °C in winter (Peel et al., 2007). Annual rainfall is 2025 mm
that is mainly concentrated between June and September. The vege-
tation is subtropical moist deciduous forest, dominated by Shorea ro-
busta (Sal tree) in the overstory, with other species such as Mallotus
philippensis Lam., Clerodendrum infortunatum L. and lantana in the un-
derstory.

2.2. Satellite and field data

We used two cloud-free and orthorectified images acquired in April
2013, the pre-monsoon season: the Pléiades 1A image (5 April) with
four spectral bands and spatial resolution of 0.5m, and Level 3A
RapidEye image (12 April) with five spectral bands and spatial re-
solution of 5m.

RapidEye sensor features an additional red-edge band with spectral
range of 690-730 nm (specifications are given in Chander et al., 2013).
The Level 3A product already includes radiometric and geometric
corrections. Atmospheric corrections were subsequently performed to
convert DN values into surface reflectance using ATCOR 3 (Richter,
2007). Normalized Difference Vegetation Indices (NDVI) were gener-
ated from surface reflectance values (Rouse et al., 1974). Preprocessed
Landsat-8 OLI data were acquired from USGS (United States Geological
Survey) for April 2013. We selected Blue, Green, Red and near infrared
(NIR) bands of Landsat-8 OLI data to match the spectral ranges of Ra-
pidEye and Pléiades 1A multispectral imagery.

Field data were collected during April 2013 to identify the lantana-
occupied locations using Global Positioning System (GPS) points within
the selected site named b in Fig. 1 (Khare et al., 2018). Because of its
protection within the reserve, and difficult accessibility, data collection
was permitted only at the border of the forest. Sample plots 1, 4 and 5
in site (b) include Sal trees with some canopy gaps and shadows. Plots
2, 3 and 6 have open areas with clearly visible lantana dominance
(Fig. 1).

2.3. Remote sensing-based estimation of diversity

Three sites were identified according to stand density: (a) Low
Density Forest (LDF), (b) Medium Density Forest (MDF), and (c) High
Density Forest (HDF) (Fig. 1). April is the dry season, when shedding of
S. robusta leaves is maximum (Khare et al., 2018, 2017). The presence
of understory shrub species is therefore evident in LDF. The understory
shrubs in MDF contribute to overall spectral reflectance due to shedding
of leaves by the overstory vegetation. The visibility of understory
shrubs in HDF cover is negligible due to high density of the overstory.

NDVI, a proxy of vegetation photosynthetic activity, is a vegetation
index to predict species richness and diversity (Arekhi et al., 2017; He
et al., 2009) represented by the ratio (Anjr — Ar)/(Anir + AR), Where
Anr and Ay are the reflectance of red and NIR bands, respectively
(Lillesand et al., 2004). NDVI is considered as a valid indicator to relate
species diversity with variations in tree or plant leaf spectral reflectance
observed in red and NIR electromagnetic spectrum ranges (Arekhi et al.,
2017; Rocchini et al., 2009). In each site, the NDVI was calculated for
Landsat-8, RapidEye and Pléiades 1A datasets at spatial resolutions of
30 m, 5m and 0.5 m, and diversity indices were estimated using Rao’s Q
and Shannon indices at two window sizes (3 X 3 and 9 X 9 pixels). We
used the routine initially developed by Rocchini et al. (2017) in R open
source domain (R Core Team, 2016). The mathematical description of
Rao’s Q index is available in the supplementary material (SFig. 1) as
well as in Rocchini et al. (2017).

2.3.1. Modeling NDVI with Rao’s Q and Shannon

We performed linear regression models to evaluate the relationships
between NDVI and Rao’s Q and Shannon indices according to previous
studies (Wang et al., 2016b). We modeled the Rao’s Q (Qs, Qo) and
Shannon(H;, H,) diversity spectral metrics with their corresponding
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Fig. 1. Locations of study sites (a) LDF (b) MDF and (c) HDF depicted on RapidEye True Color Composite (TCC) imagery. Zoomed location within study site LDF

shows the six field based-sample plots.

NDVI spectral metrics derived at different spatial resolution for each
window size.

2.3.2. Plot level measurement of coefficient of variation

As an indicator of spectral diversity, we used average coefficient of
variation (CV) (Wang et al., 2018, 2016a), which is calculated as the
average of CV for each spectral wavelength of Blue, Green, Red and NIR
bands (430-950 nm) for the four multispectral bands of Pléiades 1A and
Landsat-8, and five multispectral bands of RapidEye.

950 a(pn)
2=430 \ p(ep)

number of multispectral bands

CViior, =

ploty, (1)
where p, represents the wavelength (1) and o (p,), u(p;) denotes the
standard deviation and mean value at wavelength (1) across all the
pixels in plot,, where n denotes the sample plot number.

We used a chessboard segmentation method (Baatz et al., 2004) that
enabled a flawless matching of the image-derived parameters with the
field-based locations marked for lantana invaded areas with the help of
GPS (Khare et al., 2018). In this method, a given image is split into
square image objects of the same size. The object size was set to
10 x 10 m sample plots, corresponding to 20 X 20 pixels in Pléiades 1A
imagery (Fig. 1). We extracted the CV),, and Rao’s Q diversity values
for each square image object of sample plot locations and then calcu-
lated the correlation between them. These image-derived values for
each square object correspond to the field-based locations calculated for
each sample plot.

3. Results

Pléiades 1A, RapidEye and Landsat-8 enabled to reveal significant
(p < 0.001) relationships between Rao’s Q and NDVI for all three
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Table 1

Rao’s Q and Shannon’s H diversity-NDVI modeled relationships. Values shown
are multiple linear regression parameters, including model equation, and F
value.  Significant codes: 0.05 <p, *  0.05 < p < 0.01, *%
0.001 < p < 0.01 and ***, p < 0.001.

Forest Satellite Data  F value — Rao’s Q F value - Shannon
Density
3x3 9x9 3x3 9 x 9 (pixels)
(pixels) (pixels) (pixels)
LDF Landsat-8 47.03™" 8.46" 2.33 2.55
RapidEye 28.42""" 0.18 451" 111.53""
Pléiades 1A 88.23"" 52.79"" 30.92""" 9.18"
MDF Landsat-8 20.13™" 10.81" 9.84" 0.49
RapidEye 31.77"" 25.37""" 6.2" 11.13"
Pléiades 1A 50.97""" 38.81""" 3.67 0.479
HDF Landsat-8 26.65"" 0.06 2.31 3.57
RapidEye 0.74 0.39 0.04 2.39
Pléiades 1A 28.02""" 26.31""" 26.29""" 24.81"""

forest density categories at a scale of 3 X 3 (Table 1). The strongest
relationships were obtained for Pléiades 1A (0.5 m) when compared to
RapidEye (5m) and Landsat-8 (30 m) at both scales for each forest
density category (Table 1). Moreover, RapidEye and Landsat-8 were not
able to explain the Rao’s Q and NDVI relationship, and were not sig-
nificant for HDF (Table 1).

The relationship between Shannon and NDVI in the case of
RapidEye was weak for LDF and MDF at scale 3 X 3 (p < 0.05) when
compared with a scale of 9 X 9 (for LDF p < 0.001 and for MDF
p < 0.01) (Table 1). However, it was significant in the case of Landsat-
8 for MDF at scale 3 x 3. RapidEye and Landsat-8 results were not able
to explain the Shannon and NDVI relationship and were not significant
for HDF (Table 1). Instead, Pléiades 1A data provided the strongest
relationship at scale 3 X 3 (p < 0.001) compared to scale 9 x 9 for
LDF and HDF, while the relationship was weak (p < 0.05) for MDF at
scale 3 x 3.

The understory vegetation was clearly visible in LDF, especially
with RapidEye and Pléiades 1A (Fig. 2). MDF included spectral re-
flectance of both overstory and understory vegetation due to shedding
of overstory vegetation leaves (Fig. 3). At 0.5 m spatial resolution, the
NDVI was not hampered by mixed pixels problem compared to 30 and
5m, so results enabled to provided an effective Rao’s Q-NDVI re-
lationship for Pléiades 1A. Only overstory vegetation was visible on
HDF (Fig. 4), hence there was a minimal contribution of spectral re-
flectance from understory vegetation. Therefore, understory greenness
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was not visible at spatial resolutions of 30 and 5m (Fig. 4). Some
shedding of leaves by the overstory vegetation was, however, visible
due to the dry season, allowing a degree of spectral reflectance of the
understory vegetation to be detected at 0.5m spatial resolution. Con-
sequently, we observed a minor difference in Rao’s-NDVI and Shan-
non’s H-NDVI relationship at 0.5 m spatial resolution for Pléiades 1A
data (Table 1). For both window sizes, Rao’s Q significantly described
gradients of spatial diversity compared to Shannon in LDF and MDF
categories, which show high spatial heterogeneity with the presence of
larger trees and shrubs (Figs. 3 and 4).

RapidEye and Pléiades 1A-based Rao’s Q indices enabled approx-
imating the variation of species diversity for both 3 x 3 and 9 X 9
window sizes (Table 2, Fig. 5). The CV values for plots 1, 4, 5 were 15.8,
13.05, 22.92 in the case of RapidEye, whereas they were 22.64, 19.29,
22.44 respectively for Pléiades 1A. Similarly, values for plots 2, 3, 6
were 0.3, 12.08, 10.38 for RapidEye and 13.78, 15.54, 15.13 for
Pléiades 1A, respectively (Table 2). Moreover, CV was higher for
Pléiades 1A for plots 1, 4 and 5, which represented combinations of Sal
trees with some canopy gaps and understory lantana when compared to
RapidEye and Landsat-8 (Table 2, Fig. 5). CV was lower at all spatial
resolutions for plots 2, 3 and 6, which mainly consisted of a single plant
species (lantana) established in an open area (Fig. 5), and clearly
showed low spatial resolution data encountered with mixed pixel pro-
blems in areas of higher species diversity. Results indicated that the
Shannon index provided higher mean values than Rao’s Q index for
each sample plot, which suggested its tendency to overestimate species
diversity.

The variation in spectral resolution was investigated using the
average CV. Compared to spatial resolutions of 5m (RapidEye), the
average CV was higher at spatial resolutions of 1.5 m (Pléiades 1A) due
to a more detailed visibility of over- and understory vegetation (Fig. 5).
The mean values of Rao’s Q and Shannon indices were higher for Ra-
pidEye when compared to Pléiades 1A for the six plots and two window
sizes (Table 2). This result was explained by the fact that RapidEye
records spectral information in 5 different wavelength regions (4 visible
and 1 NIR bands), whereas Pléiades 1A records in 4 wavelength regions
(3 visible and 1 NIR).

4. Discussion
4.1. Observed beta-diversity by remote sensing

In this study, we extended the concept of a fully remote sensing-
based approach to measure beta-diversity using Rao’s Q at multiple
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Table 2
Plot-wise statistical computation of Rao’s Q and Shannon’s H indices for scales
3 x 3 and 9 X 9 pixels.

Satellite Data Plot CV Rao’s Q Shannon
3x3 9x9 3x3 9x9
(pixels) (pixels) (pixels) (pixels)
Landsat-8 1 6.22  0.028 0.115 1.767 3.310
3 4.00  0.031 0.106 1.445 3.135
5 9.38  0.033 NA 1.830 NA
2 4.65  0.019 0.091 1.609 3.219
4 4.76  0.027 0.065 1.739 2.993
6 4.31 0.036 0.112 1.785 3.401
RapidEye 1 15.80 0.048 0.081 1.999 3.222
3 12.08 0.032 0.080 1.786 3.177
5 22.92 0.065 0.113 2.059 3.493
2 10.30 0.053 0.121 2.020 3.508
4 13.05 0.055 0.092 1.862 3.259
6 10.38 0.044 0.099 1.975 3.398
Pléiades 1A 1 22.64 0.035 0.101 1.555 2.938
3 15.54 0.016 0.038 1.080 2.227
5 22.44 0.035 0.103 1.576 2.949
2 13.78 0.025 0.070 1.426 2.697
4 19.29 0.034 0.101 1.593 2.960
6 15.13 0.018 0.047 1.160 2.359

spatial resolutions (30, 5 and 0.5m) and scales (3 X 3 and 9 X 9) of
remote sensing datasets, and compared the results with the Shannon
index in three different forest density classes. The study was initially
promoted by the basic concept suggested by Khare et al. (2018), de-
riving remote sensing based Rényi and Shannon indices to assess spe-
cies diversity in areas colonized by lantana. We adopted and extended
the concept on the optical remote sensing-based assessment of beta-
diversity by means of Rao’s Q index (Rocchini et al., 2017).

4.2. Performance comparison of Rao’s Q and Shannon indices

A recent study compared the performance of Rao’s Q and Shannon
indices at a spatial resolution of 10 m (Sentinel-2A imagery) using
window size 3 x 3 (Rocchini et al., 2018). Our results are in agreement
with this study, which showed that Rao’s diversity measured the
magnitude of two pixels along with their pairwise distance. Results
from Rao’s Q index were therefore more significant for all the datasets
when compared to Shannon-based outputs. These findings suggest that
the Shannon index (as the most commonly applied diversity index)
tends to overestimate the diversity because it considers the proportion
of two pixel values instead of their magnitudes.

Across the three forest density covers analyzed in our study, the
conventional Shannon index overestimated species diversity at varying
spatial resolution when compared to Rao’s Q index, which com-
plemented the previous study of Rocchini et al. (2018). In addition, our
results demonstrated that estimation of beta-diversity using Rao’s Q
diversity for heterogeneous environments (LDF and MDF covers in our
case) was more significant when compared to the Shannon index, which
also agreed with previous studies (Feilhauer and Schmidtlein, 2009;
Hernandez-Stefanoni et al., 2012; Rocchini et al., 2014). Moreover,
both indices were saturated in the case of homogenous, dense forest
stands (HDF category) at all spatial resolutions, since only the top of
overstory vegetation was visible. This was in agreement with a previous
study in which both Rényi and Shannon indices were infeasible to ex-
plain the diversity for high density forest covers (Khare et al., 2018).
However, in this study, Rao’s Q index outperformed the Shannon index.
This is presumably related to the continuous diversity trend of Rényi
and Shannon indices, which only consider the relative proportion of
spectral values. On the contrary, Rao’s Q index takes the pairwise dis-
tances between pixel values into account besides their relative pro-
portion (Rocchini et al., 2017).
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Fig. 5. Plot-level combined scores of CV and Rao’s Q index for Landsat-8,
RapidEye and Pléiades 1A for window size 3 X 3.

Our results suggest that medium and high spatial resolution remote
sensing based biodiversity analyses are more appropriate for in-
vestigations of heterogeneous environments. In addition, this study
utilized the potential of NDVI and our results agreed with previous
studies (Feilhauer et al., 2012; He et al., 2009; Hernandez-Stefanoni
et al., 2012; Khare et al., 2016; Wang et al., 2016a,b) which also used
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NDVI as a remote sensing index for biodiversity analysis. Our results
also suggested that high spatial resolution-based NDVI was more sui-
table to explain the spectral heterogeneity, especially in small areas
where understory vegetation is more dominant. However, high spatial
resolution multispectral remote sensing datasets may exhibit limita-
tions for performing temporal biodiversity analyses on larger areas due
to their high cost. In this case, open access multispectral Sentinel-2A, 2B
and Landsat archives may be used as an alternative for long-term
temporal analyses.

4.3. Scale, spatial and spectral resolution dependence of species diversity

We used the average coefficient of variation (CV) of spectral re-
flectance as an indicator of spectral diversity, which was then compared
against both the new Rao’s Q and the conventional Shannon index.
There are only a few previous published studies on the topic (Khare
et al., 2018; Wang et al., 2018), with which our results agreed in
showing that forest patches (here sample plots) with higher CVs were
associated with higher species diversities. However, an older study by
Lucas and Carter (2008) reported negative relationship between CV and
species diversity due to mixed spectral reflectance of soil background
and vegetation within in Horn Island, Mississippi, USA.

In remote sensing, the pixel size (spatial resolution) related to the
spatial structure of the size of the object on the earth surface and local
variance increased when size of the object size is close to the spatial
resolution of the imagery (Woodcock and Strahler, 1987; Wang et al.,
2018). In another study, the Shannon index was well correlated with
corresponding sample plots CV computed from 1.1 m spatial resolution
airborne imagery of prairie grassland in southern Alberta, Canada
(Wang et al., 2016b). Our results were in accordance with these pre-
vious studies, which revealed that species diversity was better ex-
plained at a higher spatial resolution (0.5 m pixel size).

Previous papers reported that an inappropriate match of field-based
grain size and remote sensing-based spatial resolution may hamper
relating the measured spatial heterogeneity with sub-pixel level varia-
bility (Rocchini, 2007; Small, 2004), which was in line with our multi-
scale, multi-spatial resolution observations. Our study revealed that the
difference in CV between diversity levels increased along with the in-
crease in spatial resolution, which, in turn, greatly increased the ability
to optically detect biodiversity. Since the smaller scale (3 X 3) covers
fewer species than the bigger scale (9 X 9), the values of Rao’s Q and
Shannon indices were higher for the bigger scale (Table 2) for all the
remote sensing datasets. Thus, our results also suggested that higher
spatial resolutions and smaller window size filters provide the closest
approximations of species diversity expressed as spatial heterogeneity.
In addition, a previous study (Foody, 2004) reported that correlation
between spectral variability and species diversity increased with multi-
scale analysis. Our results also suggested that diversity-NDVI relation-
ship could be sensitive to the scale and spatial resolution used. Future
studies should involve other multispectral remote sensing based vege-
tation indices-diversity relationships, including red-edge bands due to
their ability to record differences in leaf structure and chlorophyll
content. For instance, red-edge based NDRE (normalized difference red-
edge) index (Vifia and Gitelson, 2005) could be tested for RapidEye
(Schuster et al., 2012) and Sentinel-2A, 2B (Delegido et al., 2011) sa-
tellite data.

Spectral resolution also plays an important role in understanding
landscape diversity. It resulted in an increase in accuracy of diversity
estimation by adding additional spectral wavelengths (Rocchini, 2007).
In our case, with RapidEye (including spectra of red-edge band) overall
Rao’s Q mean values of all the sample plots were higher when com-
pared to Pléiades 1A. This indicated that spectral resolution is also an
essential parameter along with spatial resolution for biodiversity esti-
mation. This type of analysis is worth testing for freely-available Sen-
tinel-2A, 2B data which include three vegetation red-edge and two near
infrared (NIR and narrow NIR) bands with varying spatial resolutions.
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5. Conclusion

In this study, we estimated beta-diversity using multi-scale, multi-
resolution remote sensing data and compared Rao’s Q and Shannon
index for a remote forest area where species inventory field data col-
lection is not possible. Indeed, field observation was limited to verifying
the presence and location of lantana at the border of the reserved forest.
When compared with the Shannon index, Rao’s Q index was able to
explain diversity more accurately at multi-spatial resolutions and
scales. The Shannon index overestimated diversity because it considers
only the proportion of two pixel values instead of their magnitudes,
whereas Rao’s Q index involves both magnitude and pairwise distance
of pixels. We demonstrated that the estimated diversity increased with
scale sizes. We observed that the best spatial resolution to estimate
beta-diversity using spectral diversity indicator (average CV) was 0.5 m,
when compared with 5 and 30 m. The observed spectral heterogeneity
especially in heterogeneous forest areas was successfully explained by
the distance and abundance-based method of Rao’s Q index at spatial
resolutions of 0.5 and 5 m compared to 30 m. Lower resolution (30 m)
data recorded less spatial complexity and spectral heterogeneity due to
mixed pixel problems. The beta-diversity estimation using Rao’s Q
index was most effective in open areas with visible understory vege-
tation, where optical satellite imagery recorded unhampered spectral
signatures.
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