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Understanding temporal dynamics of plant biodiversity is crucial for conservation strategies at regional and local
levels. The mostly applied hitherto methods are based on field observations of the plant communities and the
related taxa. Satellite earth observation time series offer continuous and wider coverage for the assessment of
plant diversity, especially in remote areas. Theoretical basis and large-scale solutions for assessing beta-diversity
have been recently presented. Yet landscape-scale and context-based analysis are missing. We assessed temporal
p-diversity using Raos Q diversity derived from Landsat-based vegetation indices by considering the effect of
ERA-5 monthly aggregates environmental factors (temperature and precipitation) extracted using Google Earth
Engine (GEE), land use classes, and two common vegetation indices. We derived 15-year Rao’s Q diversity using
Landsat-7 based normalized difference vegetation index (NDVI) and modified soil-adjusted vegetation index
(MSAVI). We evaluated the temporal turnover in Rao’s Q on multiple land use classes, including agriculture,
intact forest and areas affected by and invasive species. Vegetation index and Rao’s Q diverged between pre- and
post- monsoon seasons. Rao’s Q had higher temporal turnover with NDVI than MSAVI for all vegetation classes,
however the latter showed higher sensitivity towards temperature and precipitation. Moreover, agriculture
generally showed higher variability than forest and invasive species. The temporal turnover was correlated
between NDVI and MSAVI for all vegetation classes, which indicated that the variability among vegetation types
was directly related to spectral heterogeneity. Furthermore, MSAVI was less sensitive to the effect of soil in
assessing the vegetation indices, which resulted in higher global sensitivity of Qumsayi. Near infrared and red
spectra used in vegetation indices are able to capture a small variation in leaf traits reflectance for vegetation
types. Here, the p-diversities and their temporal dynamics derived from the vegetation indices differed based on
their sensitivity to soil, vegetation density and seasonality. This approach and its open source implementation
can be tested for different forest ecosystems at varying spatial scales.

1. Introduction can efficiently contribute to assess biodiversity through spatially-

explicit and continuous imagery. Previous studies provided evidence

Despite the accuracy and spatial detail achieved by conventional
field-based surveys of sample-based assessments of plant diversity over
large areas are still considered as difficult (mono-temporally) or infea-
sible (multi-temporally) due to the vast time, logistics and manpower
required (Gillespie et al., 2008; Hernandez-Stefanoni et al., 2012). This
is even more prohibitive over remote mountainous areas, where a sub-
stantial part of global biodiversity hotspots are located. Remote sensing
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for general and context-specific feasibility of optical satellite data for
biodiversity assessment, in particular from management perspectives
(Khare et al., 2018; Kissling et al., 2018; Vihervaara et al., 2017).
Indices and variables derived from optical remote sensing data have
shown correlations with field observations on biodiversity, including
both spatial and temporal variations (Khare et al., 2019a; Lausch et al.,
2016; Rocchini et al., 2019b). From the conventional set of well-known
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measures used for quantifying local and regional diversity, such as a,
and vy diversities, the p —diversity, i.e. the share of spatial variation in
species abundance and composition between two sites (Whittaker,
1972) was introduced to measure the relative species abundance, rich-
ness and functional gradients (Rocchini, 2007). This concept was further
implemented to apply the spectral heterogeneity information extracted
from remote sensing data on a multivariate basis for p-diversity assess-
ments, and gained increasing popularity in successive studies (Hernan-
dez-Stefanoni et al., 2012; Khare et al., 2019a; Khare et al., 2018,
Rocchini et al., 2017; Rocchini et al., 2009a).
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Rao’s Q index (Rao, 1982) was stated to correct for the arithmetical
drawbacks of Shannon and Rényi indices by taking into account the
numerical magnitude and pairwise distance of pixel values in the
multivariate context in addition to the richness and relative abundance
(Rocchini, 2007). Rocchini et al. (2017) further extended the concept of
Rao’s Q diversity and provided a remote sensing based approach to
assess the p-diversity with an example of large-scale analysis on conti-
nental MODIS data. Khare et al. (2019a) tested this concept on a mul-
tiple spatial resolution and showed its ability to overcome the
shortcomings of the Shannon index with an additional multi-scale
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Fig. 1. Study site showing the Thano forest area for NDVI Landsat 7 ETM + and training sample points of three different vegetation classes (N = 100).
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analysis, which suggested a notable increase in the estimated diversity in
finer spatial resolutions and smaller window size. Within a
heterogeneously-structured study site, the p-diversity estimation was
most realistic at lower overstory density and visible understory due to
the unconstrained spectral signatures provided by optical data. The
spectral variation could therefore be related to different land use and
seasonal variations and may be considered as an important proxy for
species diversity (Palmer et al., 2002; Torresani et al., 2019).

This approach still lacks integration of a temporal dimension, which
1) can be crucial in the context of monitoring p-diversity and 2) com-
plements the currently available multi-scale approach, in particular
provided that data at different spatial resolutions are multi-temporally
available. A very recent benchmark study by Rocchini et al. (2019b)
estimated temporal f-diversity using Rao’s Q diversity on multi-
temporal MODIS-derived normalized difference vegetation index
(NDVI) and showed its potential for plotting the spatiotemporal vari-
ability in biodiversity analysis. However, Rocchini et al. (2019b) asked
for further implementation on other satellite sensor types, as well as on
further 2D matrices including species-plot arrays or indices rather than
NDVI.

In this paper, we used Rao’s Q to assess changes in biodiversity
during 2000-2015 within the moist deciduous forest in the Western
Himalayan region, India. We aim to 1) develop an approach for temporal
analysis using Landsat-based Rao’s Q diversity; 2) assess the perfor-
mance of Rao’s Q under multiple vegetation classes; and 3) to compare
multi-temporal Rao’s Q diversity derived for NDVI and modified soil-
adjusted vegetation index (MSAVI) and their temporal variations. We
tested the hypothesis that MSAVI derived spatial Rao’s Q provides
higher spatial heterogeneity than the index calculated with NDVI due to
its lesser sensitivity to soil factors, which plays an important role in
reducing the soil effects on different land use types.

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).
This area is considered as part of a global biodiversity hotspot, i.e. a
December ‘ ’

November
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region characterized by both exceptional levels of plant endemism and
serious rates of habitat losses. We selected Thano forest as a study area
due to its wide variability in canopy coverage and topography (Fig. 1).
The Doon valley is surrounded by hills and includes a wide range of
moist deciduous forest mainly dominated by Sal (Shorea robusta) stands
in addition to a number of other woody species. Its climate is humid sub-
tropical, with hot summers with temperatures of up to 36 °C and mild to
warm winters with temperatures ranging between 5 and 23 °C (Peel
etal., 2007). The region experiences five seasons during the year, spring
(from mid-February to March), summer (from April to mid-June),
monsoon period (from mid-June to mid-September), autumn (from
mid-September to November), and winter (from December to mid-
February). Annual rainfall is 2025 mm, most of which falls during the
monsoon period. The region is partially affected by common lantana
(L. camara), an invasive shrub that is extensively present in the western
Himalayan forests in India (Khare et al., 2019a).

2.2. Datasets

2.2.1. Satellite data

We downloaded all available Landsat ETM + data (path 170 and row
55) with WRS-2 coordinates at L1T processing level and cloud cover
below 70% from the USGS Glovis repository (http://glovis.usgs.gov)
from 2000 to 2015 to form a dense time series. On average, 9 ETM +
scenes were available per year until 2015, with fewer in 2000 and 2008
(Fig. 2). A total of 144 scenes were used for the analysis. The LEDAPS
method (Masek et al., 2006), which is based on the 6S radiative transfer
method (Vermote et al., 1997) was used to convert raw imagery from
digital numbers (DNs) to Top of Atmosphere (ToA) and Surface (SR)
reflectance. The pre-processed Landsat-7 data were acquired from USGS,
which were later subject to generation of NDVI and MSAVI images using
the surface reflectance values (Qi et al., 1994; Rouse et al., 1974).

2.2.2. Climate data

We used chronologies of temperature and precipitation from ERA-5
Monthly aggregates (5th generation) to explore the effect of environ-
mental factors on Rao’s Q diversity. This is a latest climate reanalysis
produced by ECMWF (European Centre for Medium-Range Weather
Forecasts) / Copernicus Climate Change Service (Skerlak et al., 2014),
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Fig. 2. Distribution of total 144 Landsat-7 ETM + scenes available from 2000 to 2015 for different months.
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with a spatial resolution of 31 km. We selected atmospheric reanalysis
data with total precipitation and near-surface temperature. This
matched with the period of time series Landsat data. The ERA-5 data was
extracted using Google Earth Engine (GEE) (https://earthengine.google.
com/).

2.3. Time series analysis of Rao’s Q diversity

NDVI and MSAVI were used as inputs for the estimation of Rao’s Q
diversity. NDVI is a conventional and widely used index for plant species
diversity based on the difference between red and NIR domains of the
electromagnetic spectrum (Arekhi et al., 2017; Rocchini et al., 2009b)
according to the following equation:

NDVI = M (@))]
NIR + Red

The MSAVI (Qi et al., 1994) was suggested to correct for the L factor
of SAVI (Huete, 1988) and increased the signal-to-noise ratio of vege-
tation while minimizing the effect of soil background reflectance.

2NIR + 1~/ ((2*NIR + 1)° ~ 8*(NIR — Red) )

MSAVI =
2

(2)

A fixed 3 x 3 — pixel window size was selected for index retrieval.
The resolution was suggested as the optimal window size for optical
image-based p-diversity assessment (Khare et al., 2019a). We adopted
the spectralrao routine in R open source domain (R Core Team, 2017;
Rocchini et al., 2017) for generation of time-series output images of
Rao’s Q diversity for NDVI (Qnpyy) and MASVI (Qusavi) respectively.
Therefore, 144 raster images were generated separately for Qnpy; and
Qumsavr-

To understand the temporal variation in biodiversity from 2000 to
2015, mean values for NDVI, MSAVI, Qnpyr and Qusayr were computed
for each raster image (i.e. 144 images) and parameters for a total of 576
images, using the routines implemented in R (Khare et al., 2017).
Monthly averages of these data were plotted along with rainfall data to
reflect the relationship of phenology with spectral heterogeneity derived
B-diversity. Furthermore, we used these monthly time-series of Rao’s Q
diversity to derive annual coefficients of variation (CVapnua)) for each
year (2000 to 2015) using annualSummary routine implemented in
bfastSpatial library in R (Verbesselt et al., 2010).

U(Qtime:m‘im)
H(1 + Quimeseries)

Where Qtimeseries represents the monthly time series Rao’s Q raster
images for respective years and 6 (Qtimeseries)> I (Qtimeseries) denotes the
standard deviation and mean value of monthly time series Rao’s Q raster
images for respective years. The CVanpya along the temporal gradient
were calculated for each pixel in the annual Rao’s Q diversity images
and were further spatially mapped for both NDVI and MSAVI categories.
We computed Pearson correlation coefficients between NDVI and
MSAVI derived CVanpya) for each year (Rodgers and Nicewander, 1988).
We drew 100 training sample points within the study area for three
classes representing three vegetation categories of agriculture, forest
(sal-dominated) and invasive species (i.e. common lantana). The
training points were generated from the available GPS observations
during a field survey according to the procedure described in detail by
Khare et al. (2019b).

CV annial = x 100 3

2.4. Modelling environmental factors with Rao’s Q and vegetation indices

Time series Rao’s Q diversities from (Qnpyi and Qusavi) were
modelled by multiple regressions as a function of vegetation indices
(VIs) NDVI and MSAVI, and environmental factors including tempera-
ture (Tmean) and precipitation (PPT), according to their influence on
vegetation response previously shown by Khare et al. (2017). A
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sensitivity analysis was performed using the standardized coefficients
(Std. beta) of linear regressions as a direct measure of sensitivity to
determine the specific contribution of environmental variables and
vegetation indices on Rao’s Q diversity (Ren et al., 2019).

2.5. Global sensitivity analysis

In addition, a variance-based global sensitivity analysis between
Rao’s Q diversity (Qnpyr and Qusayr) and vegetation indices (NDVI and
MSAVI) was performed to compute first-order and total sensitivity
indices (Saltelli, 2002) using Monte Carlo estimation of the Sobol’
indices for a total number of (p + 2) x n model evaluations. Here, p
represents number of random inputs (p = 4) and n represents the size of
an initial Monte Carlo sample (n = 10°). We adopted the sobol2002
routine of “sensitivity” library in R open source domain (looss et al.,
2020).

2.6. Modelling Rao’s Q diversity for vegetation classes

In order to understand the relationship between Qnpy; and Qusavt
for the three vegetation classes, we calculated the CV of Rao’s Q for each
training point and modeled their relationship using the Generalized
Linear Model (GLM) (Nelder and Wedderburn, 1972). We performed the
GLM with identity link functions and normal distributed residuals for
the response variable (Lopatin et al., 2016). The CV of Qusayr and
vegetation classes were used as explanatory variables in the model. The
CV of Qnpyr was used as response variable. In this analysis, Qnpy and
Qumsavi are continuous variables, whereas the vegetation classes are
categorical. Statistics were performed using JMP 14 (SAS institute Inc.
2018, Cary, NC).

3. Results
3.1. Comparison of index-based Rao’s Q diversity

Overall, Rao’s Q diversity varied from 0 to 0.05 (Fig. 3). It showed
high values on agricultural land and sparse vegetation cover (>0.04),
and varied topographically on mixed land use, which is attributed to
combined spectral reflectance being received from agricultural land and
sparse vegetation cover. Rao’s Q diversity was lower (between 0.015
and 0.025) in the case of dense vegetation cover. It was attributed to
spectral reflectance information received solely from overstory vegeta-
tion, which is dominated by one tree species (i.e. sal trees) resulting in
lower spectral heterogeneity. Rao’s Q of NDVI showed higher spatial
variations compared to MSAVI, particularly for agricultural land and
sparse vegetation cover, due to MSAVI ability to reduce the effect of soil
and provide correct reflectance of agricultural land and sparse vegeta-
tion cover (Fig. 3a and b).

CV of Rao’s Q diversity varied from 0 to 4 (Fig. 4). Temporal turnover
of Rao’s Q diversity derived from NDVI and MSAVI showed a different
pattern among different sub-areas across the study site during
2000-2015. CV (Qnpyr) showed higher temporal § —diversity than CV
(Qumsavy) in areas with higher morphological landscape complexity
shown by their spectral heterogeneity. However, CV (Qumsay) was
saturated when considering the temporal dimension compared to CV
(Qnpvp)- In particular, agricultural land and sparse vegetation cover
areas showed a lower relative value for MSAVI (between 0.75 and 1.25)
compared to NDVI (between 1.75 and 2.75) (Fig. 4).

In addition, rainfall showed a culmination during the monsoon
months (June to September), with a monthly average from June to
September varying from 200 to 900 mm (Fig. 5). The average monthly
vegetation index ranged from 0.62 to 0.88 for NDVI, and from 0.31 to
0.49 for MSAVI. Average monthly Rao’s Q ranged between 0.02 and
0.035 for NDVI, and between 0.005 and 0.025 for MSAVI. Overall, the
monthly trend of vegetation indices and Rao’s Q diversity (Qnpy; and
Qumsavy) diverged between pre- and post-monsoon seasons, because of
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Fig. 3. Spatial representation of Rao’s Q diversity derived from 2000 to 2015 for (a) NDVI and (b) MSAVI categories. Black points within each image represent the

training datasets used in the analysis.
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Fig. 4. Spatial representation of CVapnua (temporal turnover) of Rao’s Q diversity derived from 2000 to 2015 for (a) NDVI and (b) MSAVI categories. Black points

within each image represent the training datasets used in the analysis.

the site-specific precipitation regime with most rain fall occur between
mid-June and the end of September (Fig. 5). In addition, the lack of
optical satellite data during July and August due to cloud cover (Fig. 2)
resulted in missing data, thus preventing the variability in vegetation
index and Rao’s Q diversity being exhaustively described during the
monsoon season.

The vegetation indices-derived phenology showed an increasing
greenness during the period between mid-monsoon (mid-June) and its

end (September), followed by a decrease from mature leaf duration
(winter months) to leaf fall stage (summer season). Qnpyr and Qumsavi
showed similar trends, reaching a minimum between June and October
and increasing towards winter and spring, similar to the NDVI monthly
variation. However, MSAVI monthly variations during winter were the
opposite, which might be attributed to its reduced sensitivity to soil
factors after the monsoon season.
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3.2. Effect of temperature and precipitation on S-diversity residuals and lack of outliers (Fig. 6).
Precipitation (Model I) and temperature (Model II) showed signifi-
Studentized residuals showed scatters of homoscedastic points and cant effects on Qysayi, resulting in F value of 26.34 (P < 0.0001, R? =
with a normal distribution of errors. Residuals showed no trend and 0.37) and F value of 30.46 (P < 0.0001, R? = 0.41) respectively
some degree of unequal error variances, suggesting uncorrelated (Table 1). For Qumsavi, the sensitivity of temperature was higher (Std.
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Table 1

Statistical parameters (F, Std. beta and significance level P < 0.0001, “'P <
0.01 and *P < 0.05) of linear mixed models based on Qnpyi, Qmsavi, precipita-
tion, temperature, NDVI and MSAVI).

Model Response Source of Regressors Overall model
variable variation regressors
F-value  Absolute F-value  R?
Std. Beta
Model  Qusavi MSAVI 63.79" |0.551] 26.34"" 037
I PPT 9.01* |0.213]
MSAVI x 4.42* |0.151]
PPT
Model  Qusavi MSAVI 8.01* |0.224] 3046 0.41
i Tmean 89.29""  ]0.641|
MSAVI x 8.088 |0.224|
Timean
Model  Qnpwr NDVI 13.64”  ]0.305| 8.66""" 0.16
11 PPT 6.96"  0.237|
NDVI x 2.38 |0.133]
PPT
Model  Qnpwi NDVI 53.16""  |0.686| 27.41""  0.38
v Tmean 54317 ]0.635|
NDVI x 1.84 |0.105]
Timean

beta = 0.641) and the effects of the temperature were highly significant
(p < 0.0001) when compared to the sensitivity and effects of precipi-
tation (Std. beta = 0.213, P < 0.05) (Fig. 7; Table 1). The interaction
between the temperature and MSAVI showed higher sensitivity (Std.
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©
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Source of variation

VIXTmean

Fig. 7. Comparison of standardized beta coefficients of the regression models
performed between precipitation (PPT), temperature (Tpean) and VI (NDVI and
MSAVI) for Rao’s Q diversity (Qnpyvi and Qusavi)-

beta = 0.224, P < 0.05) than interaction between the precipitation and
MSAVI (Std. beta = 0.151, P < 0.05) (Fig. 7; Table 1).

For Qnpyi, the sensitivity and effects of temperature was higher (Std.
beta = 0.635, P < 0.001) than precipitation (Std. beta = 0.237, P <
0.001) (Fig. 7; Table 1). The interaction between the NDVI and tem-
perature as well as the precipitation showed no significant influence.
The effects of precipitation and temperature were reflected on Qnpyi
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(Model III and Model IV), but stronger and more significant was
observed for temperature based Model IV (F value = 26.34, P < 0.0001
and R2 = 0.37) than precipitation based Model III (F value = 8.66, P <
0.0001and R? = 0.16).

3.3. Global sensitivity analysis of p-diversity and vegetation indices

The average value of Sobol’ first order indices was 0.22 for different
indices, with the minimum number recorded for Qnpy;. The Sobol’ first
order indices varied between —0.17 to 0.54, with the maximum varia-
tion recorded for Qusavi- The Qusav was characterized by the highest
sensitivity and the maximum variation. The minimum difference was
observed between vegetation indices NDVI and MSAVI (Fig. 8). In case
of total sensitivity indices, an average value of 0.12 was observed, with
the highest sensitivity and maximum variation recorded by Qpsavr- The
minimum variations and lower sensitivity were observed for NDVI and
MSAVI when compared to Rao’s Q diversity (Fig. 8).

3.4. Relationship between Rao’s Q diversity and vegetation classes

Compared with MSAVI, the NDVI-derived spatial Rao’s Q showed
higher values for the entire period (Fig. 9). Furthermore, CV was higher
overall for NDVI-derived spatial Rao’s Q across all three vegetation
classes, compared with those derived from MSAVI. Among vegetation
classes, agriculture showed higher variations than forest and lantana for
both indices due to greater spectral variations (Fig. 10). However, forest
class represented combinations of sal trees with some canopy gaps and
understory vegetation, so sal-dominated forest showed higher CVs than
areas colonized by a single plant species (lantana), which are mainly
established in open areas, i.e. without overstory vegetation (Fig. 10).
Results suggested a tendency for overestimation of diversity shown by
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Fig. 8. Comparison of Sobol’ based first order and total sensitivity indices
between VI (NDVI and MSAVI) and Rao’s Q diversity (Qnpyr and Qusavp-
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overall higher mean values of temporal turnover from Qypy; than those
from Qumsavr (Figs. 3 and 5). Generally, higher temporal turnovers in
Qnpvi and Qusayr were detected in areas with mixed land use. The two
indicators were shown to be variably correlated, with Pearson co-
efficients ranging between 0.022 in 2012 (p > 0.05) and 0.74 in 2001 (p
< 0.001). The correlation coefficients in the other years were > 0.50 and
highly significant (p < 0.001), except in 2002, 2003, 2010 and 2013
(Table 2).

The GLM produced a significant model with an F-value of 25.83 and
P < 0.0001. Regressions were highly significant for both continuous (CV
(Qumsav); P < 0.0001) and categorical (vegetation classes; P < 0.001)
variables along with their interaction (P < 0.05), with F-values ranging
between 3.14 and 44.99 (Table 3). In general, 95% of data points
exhibited studentized residuals of between —2 and 2 and were uniformly
distributed around zero for all three vegetation classes (Fig. 11), sug-
gesting that the analysis was properly represented by the model. The
linear relationship of Rao’s Q CV between NDVI and MSAVI showed
highly significant correlations (P < 0.0001) for all three vegetation
classes, which reduced from agriculture to forest and invasive species
(Fig. 11).

4. Discussion
4.1. Observed p-diversity from Landsat data

In this paper, we tested the long-term time series spectral heteroge-
neity analysis in a biodiversity hotspot to estimate remote sensing
B-diversity. We compared two different spectral indices of NDVI and
MSAVI by deriving the Rao’s Q diversity to monitor spectral heteroge-
neity changes over time for three land use classes. We calculated Rao’s Q
index for a rather smaller scale 3 x 3 window size for time series raster
data, since it 1) takes both distance and relative abundance among pixels
into account and 2) was previously shown to be superior to the tradi-
tional Shannon index for higher spatial resolutions (Khare et al., 2019a).

We tested the hypothesis that MSAVI-derived spatial Rao’s Q pro-
vides higher spatial heterogeneity than NDVI but contrary to this our
results showed that NDVI-derived spatial Rao’s Q and temporal turnover
showed overall higher values than those of MSAVI for different vege-
tation classes. This was attributed to the soil factor for which NDVI is
more sensitive than MSAVI because the latter reduces the soil effect,
which is found to have considerable impact on vegetation indices (Qi
et al., 1994; Todd and Hoffer, 1998), especially in sparsely-vegetated
and agricultural areas (Purevdorj et al., 1998). The annual CVs
showed similar trends between NDVI and MSAVI based Rao’s Q index
for all vegetation classes, but with lower CVs for MSAVI compared to
NDVI. Recent studies established the relationship between spectral
reflectance-derived CV and spectral diversity for Rao’s Q and Shannon
indices (Khare et al., 2019a; Torresani et al., 2019). However, we
extended this to deriving annual CVs from the time series Rao’s Q raster
images, which represent the temporal turnover of Rao’s Q temporal
diversity (Rocchini et al., 2019b). When discussing major biodiversity
trends, Mcgill et al. (2015) also considered the importance of temporal p
diversity being investigated on multiple spatial scales, such as local,
meta-community, bio-geographical, and global. Here, we followed a
local-scale approach to present our workflow for multi-date spatiotem-
poral analysis of spectral turnover. However, this approach can feasibly
be generalized to larger scales, particularly thanks to its broad inde-
pendence from field observations and the availability of openly acces-
sible remote sensing data sources.

Convertino et al., (2012) proposed Kullback-Leibler (KL) divergence
algorithm for p-diversity estimation compared with traditional Shannon
entropy approach derived from Landsat-RGB bands as spectral signature
of temporal heterogeneity of the landscape for soil, vegetation and
water. They indicated that the performance of KL divergence is more
significant than conventional Shannon entropy algorithm. In this study,
we used Rao’s Q index as an innovative measure of spectral variation
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Fig. 10. CV derived from Rao’s Q calculated from NDVI and MSAVI for
different vegetation classes.

hypothesis (SVH) in remote sensing (Rocchini et al., 2017), which ac-
counts for both the abundance and the pairwise spectral distance among
pixels. We derived time series Rao’s Q index using two different spectral
indices of NDVI and MSAVI that incorporate NIR (770-900 nm) and red
bands (630-690 nm) as two photosynthetically crucial spectral domains
that are useful for determining different types of species and plant stress
(Gamon et al., 1995; Grace et al., 2007). To the best of our knowledge,
this is the first study that compares two vegetation indices to test the
relationship of spectral heterogeneity across three different vegetation
classes (forest, invasive species and agriculture land), and compare their
sensitivity for environmental factors (temperature and precipitation) to
measure SVH derived from Rao’s Q index. Another important aspect is to
the effect of combined reflectance from soil and vegetation on NDVI and
MSAVI (Qi et al., 1994). Our results suggested that both indices affect
the spectral heterogeneity information derived from remote sensing
imagery (Rocchini, 2007; Tuomisto et al., 2003). Future studies should
focus on other multi-spectral vegetation indices-diversity relationships,

Table 2

Correlation coefficients between NDVI
and MSAVI derived CV,ynua. Three as-
terisks indicate p < 0.001.

Year r

2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

Table 3
Results from the GLM evaluating the relationship between CV (Qnpyi) and CV
(Qmsavy) for different vegetation classes.

Source of Regressors Model
variation Type Il  F- P F- P R?
SS value value
CV (Qumsav) 20.89 44.99 <0.0001 25.83 <0.0001 0.62
class 8.51 9.16 <0.001
CV (QumsavD) X 2.92 3.14 <0.05
class

including those extracted from red-edge bands, since they enable
recording even subtle differences in leaf structure and chlorophyll
content (Delegido et al., 2011; Schuster et al., 2012).

4.2. Seasonal and temporal analysis of f-diversity

This study demonstrated that the relationship between vegetation
index-derived spectral variability and species diversity changes during
the year. A previous study in moist deciduous forests showed the asso-
ciation between Rényi diversity and NDVI anomalies during pre- and
post-monsoon season, with less spectral heterogeneity for dense cover
areas (in which understory vegetation is not visible) and maximum
spectral reflectance observed from overstory vegetation (dominated by
dense sal trees) (Khare et al., 2018). Environmental factors such as
temperature and precipitation influence p-diversity of the MDF, which
can be reflected by vegetation indices like NDVI and MSAVL. Sensitivity
analysis revealed that the relative significances of the indices and



S. Khare et al.

E Agriculture

' == Forest
=

4_

N

Lantana

=

“m-

Studentized Residuals

N

Vegetation Class

CV(Qnpv)

CV(Qusawv)

Fig. 11. Relationship between CV (Qnpy) and CV (Qusavy) for the three
vegetation classes.

environmental factors as main effects were higher than their interaction.
Parameter estimation suggests that the likelihood of Rao’s Q diversity is
more sensitive to temperature compared to precipitation for both
indices. A former analysis in a similar area showed that the temperature
and precipitation were strongly correlated with NDVI and played major
role in changes in vegetation greenness in MDF (Khare et al., 2017).
Furthermore, an analysis in water conservation area showed that the
Landsat RGB based f-diversity are strongly correlated with changes in
vegetation composition and the average annual rainfall of each season
(Convertino et al., 2012). Other studies also observed a significant
relationship of NDVI with tree species diversity, species composition and
plant richness for varying seasons (Levin et al., 2007; Madonsela et al.,
2017; Schmidtlein and Fassnacht, 2017; Torresani et al., 2019). More-
over, the moist deciduous forest in the study site was mainly dominated
by sal trees, which experience drastic seasonal changes with their leaf
fall (January to mid-March), leaf flush (mid-March to September) and
mature leaf (October to December) phenological phases. This seasonal
transition resulted in a strong variability of spectral reflectance (Khare
et al., 2017). As a consequence, spectral heterogeneity changes with
seasons. Our results agreed with previous studies, which showed a sig-
nificant relationship between vegetation indices and Rao’s Q diversity.
In particular, Rao’s Q diversity was shown to increase along with the
changes from pre- to post-monsoon seasons, with increase in the vege-
tation greenness.

Previous studies reported that the spectral heterogeneity derived
from Rao’s Q diversity is scale and sensor dependent, and estimating
species diversity could be improved at higher spatial resolutions (Khare
et al., 2019a; Torresani et al., 2019). Recently, Torresani et al. (2019)
applied a two-year collection of Sentinel-2 optical data (10 m spatial
resolution) and showed that Rao’s Q diversity data was highly correlated
with field heterogeneity compared to medium spatial resolution
Landsat-8 (30 m) data. However, the still short period of Sentinel data
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availability eventually limits it capabilities when long-term analysis is
required. This gap could be filled by other openly-available data from
Landsat and MODIS archives (available from 1972 and 2000 onwards),
yet at lower spatial resolutions of 30 m and 250 m, respectively.

The basic principles of generalizing optical remote sensing based
B-diversity measures to multi-temporal domain has recently been pre-
sented by Rocchini et al. (2019b) using coarse spatial resolution MODIS
time series. Therefore, we applied time series of Landsat data for a 15-
year period over a mountainous biodiversity hotspot, to extend p-di-
versity analysis at wider spatial resolutions for supporting regional- to
landscape- level assessments. This was also partially motivated by recent
studies on the moist deciduous forest site in which a multi-resolution
framework was proposed to assess diversity indicators using high
spatial resolution data but short time windows (Khare et al., 2019a).
Integration of abiotic environmental variables into modelling of p -di-
versity patterns is urgently required, having been suggested to be
potentially advantageous for studies on remote sensing-assisted pre-
diction of biodiversity changes (Ferrier et al., 2017). We applied this by
jointly considering monthly rainfall with temporal variation of Rao’s Q
from both vegetation indices, which enables to distinguish between pre-
and post- monsoon seasons as well as to further interpret temporal
turnover of diversity with respect to seasonality.

We showed significance of vegetation indices and p-diversity esti-
mations on an inter-annual basis for all months except July and August,
which was attributed to constrained availability of cloud-free optical
imageries during the monsoon period, resulting in substantial loss of
information during that time. This major drawback of passive optical
imagery, namely their infeasibility to overcome atmospheric obstacles,
thus hindered a full collection of Landsat scenes during the monsoon
period. Hence, strategies for either enriching or gap-filling of optical
time series with open-access SAR imagery (like Sentinel-1) or solely
temporal analysis based on SAR data should be amongst the main fo-
cuses for future research on multi-date biodiversity assessments using
remote sensing data. A very recent communication published by Bae
et al. (2019) touched on this topic in a multi-temporal context by an
analysis of SAR data predictive performance on vegetation structure and
species composition of birds and beetles, and provided further advice on
how Sentinel-1 data could offer alternatives for modelling biodiversity
(a, B and y) of different functional groups.

In the past decades, the SVH was tested using several new spectral
heterogeneity based indices with different remote sensing data for
different ecosystems and proposed time series approach has successfully
provided space and time relationship of spectral and field diversity
(Skidmore et al., 2015; Zellweger et al., 2019). We are aware that further
tests should be conducted in different environments for the assessment
of biodiversity quality attributes suggested by (Feest et al., 2010). The
biodiversity quality and pattern may vary in different sites, and if
comprehensive data on species richness and abundances is available
then this data could be combined with different indicators (vegetation
biomass, species value index and density) and remote sensing derived
indices (Feest et al., 2010; Jalkanen et al., 2020).

4.3. p-diversity for different vegetation classes

This study suggested the usefulness of optical data time series for
estimation of species diversity across different vegetation classes based
on significant relationships between vegetation indices and p-diversity.
Vegetation indices provide spectral content from vegetation by sup-
pressing spectral reflectance from non-vegetative features such as soil,
water and built-up features (Huete et al., 2002; Vina et al., 2011). In this
study, CVs of f- diversity were significantly correlated for all three
vegetation classes for both NDVI and MSAVI, which implies that the
variability in vegetation type characteristics is highly related to spectral
heterogeneity caused by species diversity (Rocchini et al., 2010).
However, NDVI showed higher temporal turnover of f- diversity
compared to MSAVI for all three land use classes, which suggests
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differences in sensitivity between vegetation indices resulting from
variability in vegetation characteristics (Madonsela et al., 2017). One
possible explanation for this difference is due to higher sensitivity of
NDVI to soil background compared to MSAVI, which uses the soil factor
to reduce the effect of soil on vegetation characteristics (Qi et al., 1994;
Todd and Hoffer, 1998).

Assimilation of field and remote sensing data for biodiversity
assessment faces serious challenges if the optical remote sensing data is
unable to identify biodiversity or ecological traits, in particular for
species- or genetic-level attributes, and also underpins the potentials of
linking o and p diversities to land use and its changes via modeling at
grid cell level in an earth observation context (Ferrier et al., 2017).
Integration of p diversity and remotely-sensed environmental change
with either discrete classes (e.g. land use or vegetation types) or
continuous patterns has also been suggested by Ferrier (2011), with
interesting implications in quantifying and understanding the effects of
habitat loss on biodiversity conservation. Our study provided the
fundamental basis to understand the relationship between f diversity
and spectral variability for different land use, which in turn may be used
as a proxy for species diversity in space and time for different
ecosystems.

5. Conclusion

In this study, we estimated spatio-temporal p-diversity using time
series vegetation indices derived Raos Q index. To the best of our
knowledge, it is the first time the ability has been tested of multi-
temporal Rads Q derived from two vegetation indices (MSAVI and
NDVI), and effect of environmental factors (temperature and precipi-
tation), to quantify the spatiotemporal diversities across major humid
sub-tropical land use types with different properties, including an
endemic forest type and areas colonized by an invasive species. The
results showed how the Rao’s Q diversities and their temporal turnover
can distinguish between land use types as well as pre- and post-monsoon
over an entire 15-year period, and can therefore be a further indication
of the applicability of spectral heterogeneity information for p-diversity
analysis in a real-world example. In addition, and somewhat in contrary
to our prior hypothesis, NDVI-derived spatial Rao’s Q and temporal
turnover showed overall higher values than those of MSAVI, which
suggests a tendency towards overestimation due to higher sensitivity of
NDVI to soil backgrounds. However, MSAVI derived Rao’s Q index
showed higher sensitivity towards environmental factors compared to
NDVI. We demonstrated that the estimated diversity changes with sea-
sonality and vegetation greenness, and our results indicated that there is
significant transition in p-diversity values during pre- and post-monsoon
seasons. The observed spectral heterogeneity, especially in heteroge-
neous agricultural land use, was successfully distinguished from forest
and lantana classes. This approach can be used for monitoring long-term
forest diversity disturbances at wide geographical scale, and enable new
applications to explore the Landsat data archive in the prediction of
biodiversity variations over time. This study included two mostly used
vegetation indices. However, questions still remain, such as the tem-
poral effect of other vegetation indices involving different spectral
ranges such as blue, red-edge, narrow near infrared and short wave
infrared.
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