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ABSTRACT

Understanding biodiversity changes in time is crucial to promptly provide management practices against di-
versity loss. This is overall true when considering global scales, since human-induced global change is expected
to make significant changes on the Earth's biota. Biodiversity management and planning is mainly based on field
observations related to community diversity, considering different taxa. However, such methods are time and
cost demanding and do not allow in most cases to get temporal replicates. In this view, remote sensing can
provide a wide data coverage in a short period of time. Recently, the use of Rao's Q diversity as a measure of
spectral diversity has been proposed in order to explicitly take into account differences in a neighbourhood
considering abundance and relative distance among pixels. The aim of this paper was to extend such a measure
over the temporal dimension and to present an innovative approach to calculate remotely sensed temporal
diversity. We demonstrated that temporal beta-diversity (spectral turnover) can be calculated pixel-wise in terms
of both slope and coefficient of variation and further plotted over the whole matrix / image. From an ecological
and operational point of view, for prioritisation practices in biodiversity protection, temporal variability could
be beneficial in order to plan more efficient conservation practices starting from spectral diversity hotspots in
space and time. In this paper, we delivered a highly reproducible approach to calculate spatio-temporal diversity
in a robust and straightforward manner. Since it is based on open source code, we expect that our method will be
further used by several researchers and landscape managers.

1. Introduction

This is overall true when considering global scales, since human-
induced global change is expected to make significant changes on the

Understanding biodiversity changes in time is crucial to promptly
provide management practices against diversity loss (Gaston, 2008).

This has been proven for various part of the globe, considering
different biomes and habitat types like dry (Nagendra et al., 2010) and
humid (Somers et al., 2015) tropical forests, savannas (Oldeland et al.,
2010) or grasslands (Feilhauer et al., 2013), among the others.

Earth's biota (Moreno et al., 2018; Fattorini et al., in press; Hobohm
et al., in press). This is explicitly taken into account by the Sustainable
Development Goals of the United Nations (https://www.un.org/
sustainabledevelopment/sustainable-development-goals/), with Goal
15 explicitly aiming to “halt biodiversity loss”.

However, biodiversity management and planning is mainly based
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on field observations related to community diversity, considering dif-
ferent taxa, under the assumption of robust statistical sampling and
proper methods of analysis (e.g. Chiarucci et al., 2009). Such a method
is time and cost consuming and does not allow in most cases to get
temporal replicates.

This led to the urgent need of developing worldwide research and
stakeholders networks to face climate and biodiversity change at global
scale, like the Global Climate Observing System (GCOS, https://public.
wmo.int/), the Intergovernmental Panel on Climate Change (IPCC,
http://www.ipcc.ch/) or the Group on Earth Observations -
Biodiversity Observation Network (GEO BON, https://geobon.org/).
The Essential Climate Variables (ECVs) and the Essential Biodiversity
Variables (EBVs, see Pereira et al., 2013) were thus the main outputs of
such networks, as proxies of Earth global change in space and time.

In this framework, remote sensing has been proposed as a
straightforward operational tool providing a wide data coverage in a
short period of time (Rocchini and Di Rita, 2005; Skidmore et al., 2015;
Rocchini et al., 2015a, 2015b), helping to save costs and time. Fur-
thermore, measures of diversity from remotely sensed vs. field data
showed a positive relationship, leading to consider remote sensing di-
versity as a direct proxy of the variation of biodiversity in space
(Gillespie et al., 2008; Lausch et al., 2016).

Most of the remote sensing-based measures of spectral diversity
have been widely based on i) the spatial variability of pixel values by
measuring pairwise distances in a spectral space (Feret and Asner,
2014; Somers et al., 2015) or on ii) measures of relative abundance of
values based on information theory (Ricotta, 2005).

Recently, Rocchini et al. (2017) proposed the use of Rao's Q di-
versity as a measure of spectral diversity which explicitly takes into
account differences in a neighbourhood relying on abundance and re-
lative distance among pixels, extending for the first time to 2D-matrices
(satellite images) the measure firstly proposed by Rao (1982).

This might allow the so called continuous field mapping which in
most cases has been applied to land cover classification (Mathys et al.,
2009) but it is also a valuable tool for diversity mapping over wide
geographical regions, mainly based on moving window methods. Ba-
sically, starting from the spectral mixing space of a satellite image, one
can measure the continuous variability of pixel values in space by local-
based measures, which maximise the contrast in spectral diversity
highlighting hotspots of diversity, mainly related to transition zones in
space (Small, 2005).

The temporal dimension, coupled with spatial approaches, might
help inferring biodiversity change over large areas. While this has been
widely acknowledged in some ecological modelling practices, like in
environmental niche modelling (Feng and Papes, 2017), it has rarely
been explicitly considered when dealing with remotely sensed diversity
measurements, over wider temporal scales. In this view, most of the
research efforts have been devoted to phenology (He et al., 2009)
without an explicit spatial approach to measure spectral turnover in
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space and time.

The aim of this paper is to present an innovative approach to cal-
culate the temporal change of remotely sensed diversity. We will first
introduce the theoretical background of the diversity calculation in
time and then provide an empirical example based on MODIS data, by
also providing the complete R code (Appendix 1 or https://gitlab.com/
danidr/temporal_rs_biodiversity/blob/master/RocchiniEtAl 2019_
slopes.R).

2. Benchmark example
2.1. Algorithm development

Rao's Q diversity explicitly considers both relative abundance and
spectral distances among pixel reflectance values as:

Q=) dixp xp ¢3)

where d;; = pairwise distance between pixels attaining to reflectance
values i and j, p; = relative abundance of pixels attaining to reflectance
value i, and p; = relative abundance of pixels attaining to reflectance
value j. As proposed by Rocchini et al. (2017), given an input 2D matrix
(image)

Pl,l Pl,2 P1,3 Pl,n
I= P2,1 P2,2 P2,3 PZ,n
Pm,l Pm,Z Pm,3 Pm,n (2)

where P = input pixel, Rao's Q can be calculated by a moving window
(spatial kernel or 2D matrix)

Py Py P

P2,1 P2,2 P2,3

Py Psp Pys 3)

M =

using n X n pixels in a neighbourhood of a given site (pixel) by re-
turning an output map of local alpha-diversity hotspots.

The Rao's Q diversity value applied to remotely sensed images al-
lows one to discriminate among environmental situations with low or
high evenness, as the mostly used Shannon's H does, but also including
distance among pixel vaues. Given an image I, Fig. 1 shows four dif-
ferent situations, starting from the lowest diversity in the environment
(Fig. 1A), with pixels which are similar to each other (low distance) and
with one value dominating the landscape (low evenness). On the con-
trary, Fig. 1D represents the highest possible diversity with a high
distance among pixels and a high evenness (equidistribution of pixel
values). While information theory based on Shannon's H allows dis-
criminating between extreme situations, it does not allow dis-
criminating diversity hotspots deriving from i) a high evenness of pixel
values but with a low distance among them (similar environments) and

Fig. 1. Synthetic example showing four different environ-
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mental situations and their relative Shannon's H and Rao's
Q=0.444 (A) Q indices. (A) Lower diversity in terms of both evenness
and distance among pixel values; (B) and (C) intermediate
situations; (D) higher diversity in terms of both evenness
and distance among pixel values. Refer to the main text for
Q=2.963 (B) additional information and to Appendix 2 for the mathe-
matical calculation.
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ii) a high evenness of pixel values with a high distance among them
(very different environments). Since in environmental science and in
remote sensing of environmental diversity the interest is pointed to the
detection of strong differences among environment, i.e. diversity hot-
pots, the Rao's Q diversity seems to perform better with respect to
common information theory based calculus. The mathematical calcu-
lation of Shannon's H and Rao's Q values is provided in Appendix 2,
which is performed by the algorithm described in Rocchini et al. (2017)
and freely available under the GitHub flagship project at: https://
github.com/mattmar/spectralrao/blob/master/spectralrao.r.

In general, the output Rao's Q diversity map is derived at a certain
time t,, based on the date of the original input image being used. In this
paper, we are aiming at summarizing different output maps derived in
different times as:

P 1t0 Py ,t0 Py 5t0 Py ,t0
P,1t0 P,,t0 Py 5t0 P, ,t0
O = : : : . :
By 1t0 By,,t0 B,3t0 ... B, ,t0 @
Pl’ltl Pl’ztl P1'3t1 Pl,ntl
P, t1 Py,t1 Py5tl P, ,t1
On = : : : :
valtl vaztl Pm,j,[l Pm,ntl (5)
P tn Piytn Pystn Py ,tn
szltn szztn Pz’gtn Pz,,,tn
Om = : : : . :
Bpitn Bystn Bystn ... Byatn 6)

In other words, the present manuscript seeks to find a method to
account for the change in time of Rao's Q diversity.

Let Qp,, be the Rao's Q value at a given site (pixel Po) in a certain
moment (time to, Fig. 2). The Qp,, value can be viewed in a linear time
space from t; to t,. Once such values have been plotted, a locally
weighted scatterplot smoothing (LOWESS) function, also referred to as
LOESS (Cleveland, 1979; Cleveland and Devlin, 1988), can be esti-
mated, which reduces to a linear function y ~ x in case of linear

T

Pixel 1 temporal trend
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variability. LOESS fits a function to a subset of the data, generally
splitting the explanatory variable and giving a higher weight to points
near the point where the response is being estimated.

The mean slope (trend) of the LOESS is expected to represent the
change of Rao's Q diversity in time. In order to get a pixel-wise ap-
proximation of the slope, we extracted the derivative of the Rao's Q
diversity smoothed temporal function at each t;, computing the Ay/
A\x. Then, the descriptive statistics over the whole time series were
calculated, giving information on the smoothed function trend.

As a proxy of the variation of the Rao's Q diversity values over the
whole time series, a temporal coefficient of variation index (CV) was
computed following Hijmans (2004). This index, expressed as a per-
centage, is the ratio between the standard deviation and the mean of all
the Rao's Q diversity values. Larger percentages represent a higher
spectral-turnover, providing a beta-diversity quantification.

Summarizing, the average slope of the LOESS curve is expected to
represent the amount of mean diversity along a temporal trend, while
its coefficient of variation would represent the temporal turnover in the
spectral Rao's Q. Temporal diversity can thus be calculated pixel-wise in
terms of both slope and coefficient of variation and further plotted over
the whole matrix/image.

In order to implement an empirical example of the method being
proposed, we made use of the free set of Rao's Q data based on MODIS
NDVI images at a resolution of 5km provided in Rocchini et al. (2018).
A sketch of the original MODIS NDVI input set is provided in Appendix
3. In order to rely on a high complexity landscape we decided to focus
on the Italian peninsula, which guarantees a high ecological gradient
from the sea to high mountain alps (until 4000 m). Based on the open
source code provided in Appendix 1, the method can be straightfor-
wardly extended to other areas, habitats, or biomes. The final stack of
layers consisted of 17 Rao's Q images gathered from 2000 to 2016 in
June (Fig. 3).

Each pixel was projected in a temporal space according to Fig. 2
from 2000 to 2016, and a LOESS function with automatic smoothing
parameter selection through bias-corrected Akaike information cri-
terion (AICc) was fitted relying on the r package fANCOVA (Wang,
2010), building a global set of N functions where N = number of pixels

Fig. 2. The Rao's value Qp, at a given site (pixel Py) in
a certain moment (time ty;) can be plotted on a time
scale. Once all the values from Qp, to Qp,, have been
plotted, a smooth LOESS function can be estimated and
the mean slope (trend) and its coefficient of variation
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would represent the mean variation of Q in time and its
temporal turnover, respectively.
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Fig. 3. Spatial representation of the free set of Rao's Q data based on MODIS NDVI images at a resolution of 5 km provided by Rocchini et al. (2017). The final stack of

layers consists of 17 Rao's Q images gathered from 2000 to 2016 in June.

in the image. The mean slope and the coefficient of variation along the
temporal gradient of the LOESS function was calculated for each pixel
and further spatially plotted.

2.2. Results

Rao's Q temporal diversity considering LOESS mean slope (mean
temporal diversity) and LOESS coefficient of variation (temporal turn-
over) showed a discriminant pattern among different areas (Fig. 4).
Both measures detected a higher temporal diversity in areas with higher
landscape morphological complexity detected by the spatial Rao's Q
(see Fig. 3) with an enhancement in the relative temporal beta-diversity
(turnover) detected by the coefficient of variation of the LOESS func-
tion.

Spatial Rao's Q showed a high value in Italy in topographically and
ecologically complex mountain areas, including the Alps and the
Appennines (central Italy) (Fig. 3). However, once considering the
temporal dimension, alpine areas showed a higher relative value of
Rao's Q temporal variation, considering both mean and turnover in
temporal diversity (Fig. 4). This pattern has also been hypothesized, but
never specifically tested until now, by Rocchini et al. (2011) who
stressed the possibility of a higher variation in space and time of top
mountainous areas (in particular, the Alps) which are expected to show

Mean

> |

0.001

0.007
s 0.006
. 0.005
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a high amount of ecologically contrasting traits, from agricultural areas
to conifers and broadleaf forests, to pastures, grasslands and bare rocks
(Pelorosso et al., 2011).

3. Discussion

Estimating values of diversity over an area given a sample is crucial
for a number of different ecological tasks (Granger et al., 2015). Remote
sensing certainly represents a powerful tool for getting estimated di-
versity values in a 2D surface. Extending on Ricotta (2008), who cal-
culated community beta-diversity starting from species presence/ab-
sence scores, in this paper we propose to substitute such scores with
pixel based values, being such values diversity measures (like the Rao's
Q scores) or original reflectances in a satellite image, by further redis-
tributing them in a new time-system to carry out a LOESS based cal-
culation of diversity changes.

In this view, the variability of diversity over space has been in-
vestigated at different spatial scales and with different approaches
(refer to Rocchini et al., 2010 for a review). As stressed by Leitao et al.
(2015), it might be crucial to find methods readily available to deal
with time series data, in order to potentially account for the time axis in
the analysis of beta-diversity change.

Our method represents a powerful approach to estimate remotely

cv

X Tl | ’

9 R v 4
n‘l_ & 3
2

1

Fig. 4. Rao's Q temporal diversity considering LOESS mean slope (mean temporal diversity) and LOESS coefficient of variation (temporal turnover). Both measures
detected a higher temporal diversity in areas with higher landscape morphological complexity detected by the spatial Rao's Q.
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sensed beta-diversity in time, cross large spatial extents. Once coupled
with hierarchical methods to also account for different scales of di-
versities, e.g. with Bayesian hierarchical modelling (Zhang et al., 2014),
our approach might represent a benchmark for modelling the varia-
bility in space and time of diversity at multiple spatial scales. It is far
beyond the aim of this paper to test the sensitivity of the method to
different spatial grains and spectral resolutions, but since it is based on
pixel distances and relative abundance we expect that it can be applied
to any kind of multi- or hyper-volumes like multi- or hyper-spectral
images at different spatial and spectral resolutions from high (e.g.
Quickbird, Ikonos) to medium (e.g. Sentinel-2 or Landsat data) and low
grains (like MODIS data in our case).

Furthermore, our method might help measuring not only spatial
variations in beta-diversity to be related directly to the effect of eco-
system dynamics (Wang and Loreau, 2014), but also supply a synthesis
of temporal variations in beta-diversity thus implicitly incorporating
such dynamics.

In some cases, spatial non-stationarity has been advocated as one of
the major problems when the variability of a certain variable is non-
uniform in space (Osborne et al., 2007). In our case, we would promote
our approach to also account for potential anomalies, or simply spots of
diversity variation in time, when measuring beta-diversity from sa-
tellites. As an example, Mathys et al. (2009) proved that, when dealing
with land cover continuous variability over space, adding spectral di-
versity derived from remotely sensed images could improve modelling
performance.

There are intrinsic difficulties related to the estimate of biodiversity
changes in time (temporal beta-diversity) mainly related to the sam-
pling replication in the same location with the same sampling protocol.
Permanent plots arranged in networks like the Long Term Ecosystem
Research in Europe (LTER, http://www.lter-europe.net/) have been
explicitly implemented to solve the problem. However, they represent
sporadic and spatially scattered locations in local areas. Once zones
with high spatial and temporal variability have been detected, the at-
tained information could be a powerful tool for guiding field based
surveys of species diversity (Rocchini et al., 2005). This is overall true
when considering ancillary models specifically dedicated to the devel-
opment of efficient sampling designs, such as sampling optimisation
based on synthetic maps (Schweiger et al., 2015) or on virtual species
sets (Garzon-Lopez et al., 2016).

Landscape metrics (e patch area and connectivity) have been widely
used as tools for identification of areas with higher biodiversity, but
they mostly refers to categorical maps such as land cover (Katayama
et al., 2014; Morelli et al., 2018). However, land cover maps are gen-
erally an oversimplification of habitat variability (Amici et al., 2017)
and should be used with care to avoid the underestimation of the
continuous ecological variability over the landscape (Austin, 1987;
Palmer et al., 2002; Rocchini, 2007).

In this paper, the continuous variability of spectral pixel values,
coupled with the temporal dimension, provided for additional in-
formation on the variation of ecosystems, allowing a better detection of
highly diverse spot in space and in time, considering different time
spans t0, t1, ..., tn. Strictly speaking, including temporal variation in the
analysis of diversity from remote sensing might provide additional in-
formation to spatial kernels measured at t0.

Obviously, the variability of the spectral signal is not the only proxy
of diversity, and in some cases (e.g. in urban areas) a high environ-
mental variability is not necessarily related to a high amount of bio-
diversity in the field (Ricotta et al., 2010). However, in case of natural
and seminatural areas, spectral variability might represent one of the
main proxies of diversity (Schmeller et al., 2017; Skidmore et al., 2015;
Rocchini et al., 2013). Hence, in order to measure spatial and temporal
changes in diversity, it could be coupled with additional variables such
as: i) climatic predictors (Zellweger et al., 2019), ii) soil properties
(Tuomisto et al., 2003), or iii) topographical complexity (Badgley et al.,
2017). Furthermore, in this manuscript we made use of a spectral index
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like the inter-annual NDVI as an example dataset to calculate spatial
heterogeneity, as in Oindo and Skidmore (2002) or Gillespie (2005) and
more recently Feilhauer et al. (2012), by deriving the Rao's Q diversity
on a continuous data matrix to monitor heterogeneity changes through
time, although the annual inter-variation of productivity could be re-
lated to several factors, and not just to niche-based diversity changes.
We refer to the debate between Krishnaswamy et al. (2009) and
Rocchini (2009) about problems related to alpha- and beta-diversity
measurement from NDVI.

4. Conclusion

In this paper, we presented a robust and reproducible approach to
estimate the temporal ecosystems' beta-diversity based on a locally
weighted scatterplot smoothing. We applied it to the spatial Rao's Q
diversity proposed by Rocchini et al. (2017), but the method could be
ported to any spatial diversity measure made in a spectral space.

Being based on open source coding, we expect a high reproducibility
of the proposed approach, and stimulate researchers to test it in dif-
ferent habitats, by varying spatial grains and extents and potentially
making use of different sensors.

The open source code provided will guarantee the robustness and
reproducibility of the method. In fact, we are expecting that such a code
will be used by other researchers to further develop additional algo-
rithms on temporal variability measurement from satellite images.

From an ecological and operational point of view, for species in-
ventorying maximisation in biodiversity protection, advocated by the
Sustainable Development Goal 15 (“halt biodiversity loss”) and scien-
tifically proposed by Rocchini et al. (2005) and more recently reviewed
by Schmeller et al. (2017), the temporal variability, together with the
spatial one, could be beneficial in order to plan more efficient con-
servation practices starting with those diversity hotspots detected in
space and time by remote sensing techniques.

Attempts have been made to measure the spatial sensitivity of the
relation between species and spectral diversity (Wang et al., 2018;
Torresani et al., 2019) which might impact further management prac-
tices if disregarded. However, as far as we know, nothing has been done
to project it also in time. Our method represents a potential benchmark
for applying such a variation measurement in time, which could be
extended i) not only to other types of sensors in satellite images but to
every kind of 2D matrices including species-plot arrays, ii) to other
methods such as the measure of spatial and temporal autocorrelation
(Guelat and Kery, 2018), iii) to additional ecospaces (sensu Dick and
Laflamme, 2018) by fuzzy modelling.

Acknowledgements

Computational resources have been provided by the super-
computing facilities of the Université catholique de Louvain (CISM/
UCL) and the Consortium des Equipements de Calcul Intensif en
Fédération Wallonie Bruxelles (CECI) funded by the Fond de la
Recherche Scientifique de Belgique (European Union (Brussels,
Belgium)).

We thank two anonymous reviewers who provided useful insights
on a previous version of this manuscript.

DR and GZ were supported by the H2020 project ECOPOTENTIAL
(grant agreement 641762). DR was also supported by: i) the H2020
TRuStEE - Training on Remote Sensing for Ecosystem Modelling project
(grant agreement 721995), (ii) the EU-LIFE project LIFE14ENV/IT/
000514 FutureForCoppices, and (iii) the COST Action CA17134
"Optical synergies for spatiotemporal sensing of scalable ecophysiolo-
gical traits (SENSECO)".

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://


http://www.lter-europe.net/
https://doi.org/10.1016/j.rse.2019.05.011

D. Rocchini, et al.

doi.org/10.1016/j.rse.2019.05.011.
References

Amici, V., Marcantonio, M., La Porta, N., Rocchini, D., 2017. A multi-temporal approach
in Max-Ent modelling: a new frontier for land use/land cover change detection. Eco.
Inform. 40, 40-49.

Austin, M.P., 1987. Models for the analysis of species' response to environmental gra-
dients. Vegetatio 69, 35-45.

Badgley, C., Smiley, T.M., Terry, R., Davis, E.B., DeSantis, L.R.G., Fox, D.L., Hopkins,
S.S.B., Jezkova, T., Matocq, M.D., Matzke, N., McGuire, J.L., Mulch, A., Riddle, B.R.,
Roth, V.L., Samuels, J.X., StrAtimberg, C.A.E., Yanites, B.J., 2017. Biodiversity and
topographic complexity: modern and geohistorical perspectives. Trends Ecol. Evol.
32, 211-226.

Chiarucci, A., Bacaro, G., Rocchini, D., Ricotta, C., Palmer, M.W., Scheiner, S.M., 2009.
Spatially constrained rarefaction: incorporating the autocorrelated structure of bio-
logical communities in sample-based rarefaction. Community Ecol. 10, 209-214.

Cleveland, W.S., 1979. Robust locally weighted regression and smoothing scatterplots. J.
Am. Stat. Assoc. 74, 829-836.

Cleveland, W.S., Devlin, S.J., 1988. Locally weighted regression: an approach to regres-
sion analysis by local fitting. J. Am. Stat. Assoc. 83, 596-610.

Dick, D.G., Laflamme, M., 2018. Fuzzy ecospace modelling. Methods Ecol. Evol. https://
doi.org/10.1111/2041-210X.13010. Accepted.

Fattorini, S., Di Biase, L., Chiarucci, A., 2019. Recognizing and interpreting vegetational
belts: New wine in the old bottles of a von Humboldt's legacy. J Biogeogr (in press).

Feilhauer, H., He, K.S., Rocchini, D., 2012. Modeling species distribution using niche-
based proxies derived from composite bioclimatic variables and MODIS NDVI.
Remote Sens. 4, 2057-2075.

Feilhauer, H., Thonfeld, F., Faude, U., He, K.S., Rocchini, D., Schmidtlein, S., 2013.
Assessing floristic composition with multispectral sensors - a comparison based on
monotemporal and multiseasonal field spectra. Int. J. Appl. Earth Obs. Geoinf. 21,
218-229.

Feng, X., Papes, M., 2017. Physiological limits in an ecological niche modeling frame-
work: a case study of water temperature and salinity constraints of freshwater bi-
valves invasive in USA. Ecol. Model. 346, 48-57.

Feret, J.-B., Asner, G.P., 2014. Mapping tropical forest canopy diversity using high-fide-
lity imaging spectroscopy. Ecol. Appl. 24, 1289-1296.

Garzon-Lopez, C.X., Bastin, L., Foody, G.M., Rocchini, D., 2016. A virtual species set for
robust and reproducible species distribution modelling tests. Data in Brief 7,
476-479.

Gaston, K.J., 2008. Biodiversity and extinction: the dynamics of geographic range size.
Prog. Phys. Geogr. 32, 678-683.

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

Gillespie, T.W., Foody, G.M., Rocchini, D., Giorgi, A.P., Saatchi, S., 2008. Measuring and
modelling biodiversity from space. Prog. Phys. Geogr. 32, 203-221.

Granger, V., Bez, N., Fromentin, J., Meynard, C., Jadaud, A., MAlrigot, B., PeresaARNeto,
P., 2015. Mapping diversity indices: not a trivial issue. Methods Ecol. Evol. 6,
688-696.

Guelat, J., Kery, M., 2018. Effects of spatial autocorrelation and imperfect detection on
species distribution models. Methods Ecol. Evol. https://doi.org/10.1111/2041-
210X.12983.

He, K.S., Zhang, J., Zhang, Q., 2009. Linking variability in species composition and
MODIS on beta diversity measurements. Acta Oecol. 35, 14-21.

Hijmans, R.J., 2004. Arc macro language (AML) version 2.1 for calculating 19 bioclimatic
predictors. Museum of Vertebrate Zoology, University of California at Berkeley,
Berkeley, Calif Available at. http://www.worldclim.org/bioclim.

Hobohm, C., JaniSova, M., Steinbauer, M., Landi, S., Field, R., Vanderplank, S.,
Beierkuhnlein, C., Grytnes, J.-A., Reidar Vetaas, O., Fidelis, A., de Nascimento, L.,
Ralph Clark, V., Fernandez-Palacios, J.M., Franklin, S., Guarino, R., Huang, J.,
Krestov, P., Ma, K., Onipchenko, V., Palmer, M.W., Simon, M.F., Stolz, C., Chiarucci,
A., 2019. Global endemics-area relationships of vascular plants. Perspectives in
Ecology and Conservation (in press).

Katayama, N., Amano, T., Naoe, S., Yamakita, T., Komatsu, 1., Takagawa, S., Sato, N.,
Ueta, M., Miyashita, T., 2014. Landscape heterogeneity-biodiversity relationship:
effect of range size. PLoS One 9, €93359.

Krishnaswamy, J., Bawa, K.S., Ganeshaiah, K.N., Kiran, M.C., 2009. Quantifying and
mapping biodiversity and ecosystem services: utility of a multi-season NDVI based
Mahalanobis distance surrogate. Remote Sens. Environ. 113, 857-867.

Lausch, A., Bannehr, L., Beckmann, M., Boehm, C., Feilhauer, H., Hacker, J.M., Heurich,
M., Jung, A., Klenke, R., Neumann, C., Pause, M., Rocchini, D., Schaepman, M.E.,
Schmidtlein, S., Schulz, K., Selsam, P., Settele, J., Skidmore, A.K., Cord, A.F., 2016.
Linking earth observation and taxonomic, structural and functional biodiversity: local
to ecosystem perspectives. Ecol. Indic. 70, 317-339.

Leitao, P., Schwieder, M., Suess, S., Catry, 1., Milton, E.J., Moreira, F., Osborne, P.E.,
Pinto, M.J., van der Linden, S., Hostert, P., 2015. Mapping beta diversity from space:
sparse generalised dissimilarity modelling (SGDM) for analysing high-dimensional
data. Methods Ecol. Evol. 6, 764-771.

Mathys, L., Guisan, A., Kellenberger, T.W., Zimmermann, N.E., 2009. Evaluating effects of
spectral training data distribution on continuous field mapping performance. ISPRS J.
Photogramm. Remote Sens. 64, 665-673.

Morelli, F., Benedetti, Y., Simova, P., 2018. Landscape metrics as indicators of avian di-
versity and community measures. Ecol. Indic. 90, 132-141.

Moreno, C.E., Calderon-Patron, J.M., Arroyo-Rodriguez, V., Barragan, F., Escobar, F.,
GAsmez-Ortiz, Y., MartAnn-Regalado, N., Martinez-Falcon, A.P., MartAnnez-Morales,

Remote Sensing of Environment 231 (2019) 111192

M.A., Mendoza, E., Ortega-Martinez, 1.J., Perez-Hernandez, C.X., Pineda, E., Pineda-
Lopez, R., Rios-DApaz, C.L., Rodriguez, P., Rosas, F., Schondube, J.E., Zuria, I., 2018.
Measuring biodiversity in the Anthropocene: a simple guide to helpful methods.
Biodivers. Conserv. 26, 2993-2998.

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

Oindo, B.O., Skidmore, A.K., 2002. Interannual variability of NDVI and species richness in
Kenya. Int. J. Remote Sens. 23, 285-298.

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

Osborne, P.E., Foody, G.M., Suarez-Seoane, S., 2007. Non-stationarity and local ap-
proaches to modeling the distributions of wildlife. Divers. Distrib. 13, 313-323.

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

Pelorosso, R., Della Chiesa, S., Tappeiner, U., Leone, A., Rocchini, D., 2011. Stability
analysis for defining management strategies in abandoned mountain landscapes of
the Mediterranean basin. Landsc. Urban Plan. 103, 335-346.

Pereira, H.M., Ferrier, S., Walters, M., Geller, G., Jongman, R., Scholes, R., Bruford, M.,
Brummitt, N., Butchart, S., Cardoso, A., 2013. Essential biodiversity variables.
Science 339, 277-278.

Rao, C.R., 1982. Diversity and dissimilarity coefficients: a unified approach. Theor. Popul.
Biol. 21, 24-43.

Ricotta, C., 2005. On possible measures for evaluating the degree of uncertainty of fuzzy
thematic maps. Int. J. Remote Sens. 26, 5573-5583.

Ricotta, C., 2008. Computing additive beta-diversity from presence and absence scores: a
critique and alternative parameters. Theor. Popul. Biol. 73, 244-249.

Ricotta, C., Godefroid, S., Rocchini, D., 2010. Patterns of native and exotic species rich-
ness in the urban flora of Brussels: rejecting the ‘rich get richer’ model. Biol. Invasions
12, 233-240.

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

Rocchini, D., 2009. Commentary on Krishnaswamy et al. — Quantifying and mapping
biodiversity and ecosystem services: utility of a multi-season NDVI based
Mahalanobis distance surrogate. Remote Sens. Environ. 113, 904-906.

Rocchini, D., Di Rita, A., 2005. Relief effects on aerial photos geometric correction. Appl.
Geogr. 25, 159-168.

Rocchini, D., Andreini Butini, S., Chiarucci, A., 2005. Maximizing plant species inventory
efficiency by means of remotely sensed spectral distances. Glob. Ecol. Biogeogr. 14,
431-437.

Rocchini, D., Balkenhol, N., Carter, G.A., Foody, G.M., Gillespie, T.W., He, K.S., Kark, S.,
Levin, N., Lucas, K., Luoto, M., Nagendra, H., Oldeland, J., Ricotta, C., Southworth,
J., Neteler, M., 2010. Remotely sensed spectral heterogeneity as a proxy of species
diversity: recent advances and open challenges. Eco. Inform. 5, 318-329.

Rocchini, D., McGlinn, D., Ricotta, C., Neteler, M., Wohlgemuth, T., 2011. Landscape
complexity and spatial scale influence the relationship between remotely sensed
spectral diversity and survey-based plant species richness. J. Veg. Sci. 22, 688-698.

Rocchini, D., Delucchi, L., Bacaro, G., Cavallini, P., Feilhauer, H., Foody, G.M., He, K.S.,
Nagendra, H., Porta, C., Ricotta, C., Schmidtlein, S., Spano, L.D., Wegmann, M.,
Neteler, M., 2013. Calculating landscape diversity with information-theory based
indices: a GRASS GIS solution. Eco. Inform. 17, 82-93.

Rocchini, D., Hernandez Stefanoni, J.L., He, K.S., 2015a. Advancing species diversity
estimate by remotely sensed proxies: a conceptual review. Eco. Inform. 25, 22-28.

Rocchini, D., Andreo, V., Forster, M., Garzon-Lopez, C.X., Gutierrez, A.P., Gillespie, T.W.,
Hauffe, H.C., He, K.S., Kleinschmit, B., Mairota, P., Marcantonio, M., Metz, M.,
Nagendra, H., Pareeth, S., Ponti, L., Ricotta, C., Rizzoli, A., Schaab, G., Zebisch, M.,
Zorer, R., Neteler, M., 2015b. Potential of remote sensing to predict species invasions:
a modelling perspective. Prog. Phys. Geogr. 39, 283-309.

Rocchini, D., Marcantonio, M., Ricotta, C., 2017. Measuring Rao's Q diversity index from
remote sensing: an open source solution. Ecol. Indic. 72, 234-238.

Rocchini, D., Bacaro, G., Chirici, G., Da Re, D., Feilhauer, H., Foody, G.M., Galluzzi, M.,
Garzon-Lopez, C.X., Gillespie, T.W., He, K.S., Lenoir, J., Marcantonio, M., Nagendra,
H., Ricotta, C., Rommel, E., Schmidtlein, S., Skidmore, A.K., Van De Kerchove, R.,
Wegmann, M., Rugani, B., 2018. Remotely sensed spatial heterogeneity as an ex-
ploratory tool for taxonomic and functional diversity study. Ecol. Indic. 85, 983-990.

Schmeller, D., Weatherdon, L., Loyau, A., Bondeau, A., Brotons, L., Brummitt, N.,
Geijzendorffer, 1., Haase, P., Kuemmerlen, M., Martin, C., Mihoub, J.-B., Rocchini, D.,
Saarenmaa, H., Stoll, S., Regan, E., 2017. A suite of essential biodiversity variables for
detecting critical biodiversity change. Biol. Rev. 93, 55-71.

Schweiger, A.H., Irl, S.D.H., Steinbauer, M.J., Dengler, J., Beierkuhnlein, C., 2015.
Optimizing sampling approaches along ecological gradients. Methods Ecol. Evol. 7,
463-471.

Skidmore, A.K., Pettorelli, N., Coops, N.C., Geller, G.N., Hansen, M., Lucas, R., Mucher,
C.A., O'Connor, B., Paganini, M., Pereira, H.M., Schaepman, M.E., Wurner, W., Wang,
T., Wegmann, M., 2015. Environmental science: agree on biodiversity metrics to
track from space. Nature 523, 403-405.

Small, C., 2005. A global analysis of urban reflectance. Int. J. Remote Sens. 26, 661-681.

Somers, B., Asner, G.P., Martin, R.E., Anderson, C.B., Knapp, D.E., Wright, S.J., Van De
Kerchove, R., 2015. Mesoscale assessment of changes in tropical tree species richness
across a bioclimatic gradient in Panama using airborne imaging spectroscopy.
Remote Sens. Environ. 167, 111-120.

Torresani, M., Rocchini, D., Zebisch, M., Sonnenschein, R., Marcantonio, M., Ricotta, C.,
Tonon, G., 2019. Estimating tree species diversity from space in an alpine conifer
forest: the Rao's Q diversity index meets the Spectral Variation Hypothesis. Eco.
Inform. 52, 26-34.


https://doi.org/10.1016/j.rse.2019.05.011
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0010
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0010
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0025
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0025
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0030
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0030
https://doi.org/10.1111/2041-210X.13010
https://doi.org/10.1111/2041-210X.13010
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1010
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1010
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0045
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0045
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0045
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0050
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0050
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0050
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0050
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0055
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0055
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0055
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0060
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0060
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0065
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0065
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0065
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0070
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0070
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0075
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0075
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0080
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0080
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0085
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0085
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0085
https://doi.org/10.1111/2041-210X.12983
https://doi.org/10.1111/2041-210X.12983
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0095
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0095
http://www.worldclim.org/bioclim
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1005
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0105
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0105
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0105
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0110
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0110
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0110
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0115
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0115
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0115
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0115
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0115
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0120
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0120
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0120
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0120
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0125
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0125
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0125
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0130
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0130
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0135
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0140
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0140
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0140
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0145
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0145
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0150
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0150
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0150
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0155
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0155
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0160
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0160
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0165
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0165
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0165
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0170
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0170
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0170
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0175
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0175
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0180
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0180
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0185
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0185
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0190
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0190
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0190
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0195
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0195
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0200
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0200
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0200
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0205
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0205
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0210
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0210
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0210
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0215
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0215
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0215
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0215
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0220
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0220
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0220
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1020
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0225
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0225
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1015
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0230
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0230
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0235
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0235
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0235
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0235
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0235
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0240
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0240
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0240
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0240
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0245
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0245
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0245
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0250
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0250
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0250
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0250
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0255
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0260
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0260
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0260
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0260
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1025
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1025
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1025
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf1025

D. Rocchini, et al.

Tuomisto, H., Ruokolainen, K., Yli-Halla, M., 2003. Dispersal, environment, and floristic
variation of western Amazonian forests. Science 299, 241-244.

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

Wang, S., Loreau, M., 2014. Ecosystem stability in space: alpha, beta and gamma varia-
bility. Ecol. Lett. 17, 891-901.

Remote Sensing of Environment 231 (2019) 111192

Wang, X.-F., 2010. fANCOVA: nonparametric analysis of covariance. R package version
0.5-1. https://CRAN.R-project.org/package = fANCOVA.

Zellweger, F., De Frenne, P., Lenoir, J., Rocchini, D., Coomes, D., 2019. Advances in
microclimate ecology arising from remote sensing. Trends Ecol. Evol. 34, 327-341.

Zhang, J., Crist, T.O., Hou, P., 2014. Partitioning of alpha and beta diversity using
hierarchical Bayesian modeling of species distribution and abundance. Environ. Ecol.
Stat. 21, 611-625.


http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0265
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0265
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0270
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0270
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0270
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0275
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0275
https://CRAN.R-project.org/package=fANCOVA
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0285
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0285
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0290
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0290
http://refhub.elsevier.com/S0034-4257(19)30205-6/rf0290

	Time-lapsing biodiversity: An open source method for measuring diversity changes by remote sensing
	Introduction
	Benchmark example
	Algorithm development
	Results

	Discussion
	Conclusion
	Acknowledgements
	Supplementary data
	References




