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Abstract: Species rarefaction curves have long been used for estimating the expected number of species as a function of
sampling effort and they represent a powerful tool for quantifying the diversity of an area from local (α-diversity) to regional
scale (β- and g-diversity). Nonetheless, sampling species based on standard plant inventories represents a cost expensive approach. In this view, remotely sensed information may be straightforwardly used for predicting species rich sites. In this paper,
we present spectral rarefaction, i.e., the rarefaction of reflectance values derived from satellite imagery, as an effective manner
for predicting bio-diverse sites. We tested this approach in ten biogeographical subregions in Switzerland. Plant species data
were derived from the Swiss ‘Biodiversity Monitoring’ programme (BDM), which represents species richness of Switzerland
at the landscape scale by a systematic sample of 520 quadrats of 1 km ´ 1 km. Seven Landsat ETM+ images covering the whole
study area were acquired. Species and spectral rarefaction were built and results were compared by Pearson correlation coefficient considering several sampling efforts (as measured by the number of sampled quadrats). Local α-diversity showed a
similar pattern considering the ten biogeographical subregions while β- and γ-diversity showed higher values for regions in the
Alpine arc and lower values for plateau regions and Jura mountains on the strength of the higher ecological (and spectral)
variability of the former areas. Meanwhile, positive correlations between species and spectral richness values were significant
only after a certain amount of area was accumulated, thus indicating a scale dependence of the fit of satellite and species data.
With this paper, we introduce spectral rarefaction as an effective tool in quantifying diversity at a range of spatial scales.
Obviously, the achieved results should be viewed as an aid to plan field survey rather than to replace it. We propose to use
worldwide available remotely sensed information as a driver for field sampling design strategies.
Abbreviations: BDM – BioDIversity Monitoring, DN – Digital Number, ETM – Enhanced Thematic Mapper.

Introduction
Species diversity investigation is a crucial task when
dealing with biodiversity estimate and conservation (Rodrigues et al. 2004). In fact, both species richness (hereafter
even referred to as α-diversity) and turnover (β-diversity)
represent powerful indicators of ecological conditions because of their intrinsic relation with ecological heterogeneity
(Magurran 1983, Stoms and Estes 1993, Gaston 2000). In
this view, species rarefaction curves demonstrated their usefulness in estimating the expected number of species as a
function of sampling effort, quantified by the number of individuals or quadrats sampled (Gotelli and Colwell 2001,
Koellner et al. 2004). These curves have also been used to
obtain estimates of species richness based on a standardised
sampling effort, allowing both valid comparisons between
inventories and the estimation of the minimum sampling effort required to reach a satisfactory level of completeness
(Moreno and Halffter 2001).

Measuring species richness on the basis of a standard
sampling effort represents a cost expensive approach (Palmer et al. 2002). From this point of view, ancillary variables
based on remotely sensed information could represent a powerful tool for predicting species rich sites (Gillespie et al.
2008). Remote sensing has been used to predict species rich
sites based on spectral heterogeneity of remotely sensed data
(as summarised by the Spectral Variation Hypothesis, SVH
see Palmer et al. 2002) considering different types of taxa,
such as vascular plants (see e.g., Gould 2000, Foody and Cutler 2003, Fairbanks and McGwire 2004, Rocchini et al. 2004,
Foody and Cutler 2006), lichens (Waser et al. 2004) or even
mammals (Oindo and Skidmore 2002). However, previous
tests of the SVH were substantially based on predictive regression models of species richness vs. spectral variability at
local scale, considering only α-diversity (see e.g., Rocchini
et al. 2004, Foody and Cutler 2006, Rocchini 2007b), even if
some examples exist about the investigation of α-diversity
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with increasing local grain (Kumar et al. 2006). To date, few
efforts have been made to relate ecological heterogeneity
measured by remote sensing to the other components of species diversity, such as β- and γ-diversity taking into account
the species turnover over the whole extent of a study area (see
e.g., Tuomisto et al. 2003, Rocchini et al. 2005, Rocchini
2007a, Rocchini and Cade in press).
The aim of this paper is to test if spectral variability estimated by the accumulation of different spectral values represents a good proxy of species variability measured by species
rarefaction curves considering a wide range of scales.

Study area
The study area is the whole Switzerland, which covers
2
41244 km in central Europe and ranges in altitude from 193
to 4634 m a.s.l. (45°49’–47°48’ N latitude, 5°57’–10°30’ E
longitude, Fig. 1). The average elevation is 1300 m a.s.l.
Mountain landscapes predominate, with 60% of the country
being formed by the Alps and 10% by the Jura Mountains.
About 7% of the country consists of urban settlements including buildings, associated green areas, and road and rail
networks (BFS 1992/1997). Switzerland can be easily subdivided into three parts: the Alps, the Jura Mountains and the
Central Plateau between them. A finer classification based on
similarities of vascular plants and insects (Gonseth et al.
2001) consists of 10 biogeographical subregions (Table 1),
with six subregions in the Alps and three subregions in the
Central Plateau. The Jura Mountains remain a unique region
at this level.

Figure 1. Study area and the BDM

sampling design. Filled circles represent the centres of the 463 quadrats without spectral noise which
were used in this paper among the
520 available quadrats.

Rocchini et al.

Methods
Field data
The Swiss ‘Biodiversity Monitoring’ programme
(BDM) uses indicators of pressure, state and response. In total, 11 state indicators (Z for German ‘Zustand’) are repeatedly assessed. The Z7 indicator observes the diversity of vascular plants on a landscape scale using a systematic sample
of 520 1 km × 1 km quadrats. Spacing between neighbour
quadrats was 19.1 km in most regions and 14.3 km in the
Southern Alps and the Jura Mountains (Hintermann et al.
2000). The BDM aims, among other objectives, to survey
landscape biodiversity – from lowland to alpine zones – over
a long period. In the quadrats, data were collected along 2500
m long transect routes, in buffers of 2.5 m on both sides of
the transect (Plattner et al. 2004). All sample quadrats had
been visited for a first assessment by the end of 2005.

Satellite data
Seven ortho-Landsat ETM+ images taken in the summer
period and covering the whole Switzerland (spanning a period from 1999 to 2001) were acquired. Theoretically, a large
difference between the time of satellite image acquisition and
field survey could affect the relations between spectral values
and species composition (Rocchini 2007a). However, in this
case, the temporal gap between images and field data should
not threaten the results, because of the large grain of the
quadrats and the longer time expected for vegetation dynamics. Moreover, considering the extent of the study area, gen-
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Table 1. Number of sampling quadrats per biogeographical subregion.

eral patterns were tested in this paper, thus discarding isolated disturbance situations.
Spatial resolution of Landsat ETM+ multispectral sensor
equals 30 m while spectral resolution covers an electromagnetic range of 0.45-2.35 µm (considering bands 1-5 and 7).
Thermal Infrared (band 6) having a spatial resolution of 60
m was not used in this paper. The radiometric resolution is 8
bit, i.e., with a theoretical range of 0-255 values (Digital
Numbers, hereafter DNs) per band. To reduce atmospheric
effects a dark-object subtraction was applied to each image
(Chavez 1988, 1996). Such a relative radiometric correction
involves subtracting a constant DN value from the entire image. The theoretical assumption of dark object subtraction is
that due to atmospheric scattering satellite sensors should record a non zero DN value for dark objects with 0% reflectance. Such a DN value is thus subtracted from each band.

Species and spectral rarefaction
Among the 520 quadrats of the previously described assessment of vascular plants in the frame of the BDM, 463
quadrats free from spectral noise (e.g., clouds, shadows,
etc…) were retained for further analysis. The number of units
per biogeographical subregion is reported in Table 1.
Species rarefaction curves for each biogeographical
subregion were achieved by using the R software (vegan
package, Oksanen et al. 2007) according to the following
equation:

∑ FH
S

E[ S] = S −

i =1

N − Ni
n

FH NnIK

I
K

(1)

where N is the total number of quadrats, Ni is the number of
quadrats where species i is found, n is the number of randomly selected quadrats, S refers to the total number of species within all the quadrats (see Kobayashi 1974, Koellner et
al. 2004, Chiarucci et al. 2008).
Similarly to species rarefaction curves, the number of accumulated spectral DN for a given sample size (number of
plots) was expressed by applying the rarefaction formula to
the spectral DNs, rather than species counts. Since, as for
species rarefaction, spectral rarefaction is based on one-dimensional values, an unstandardised PCA was applied to extract the one-dimensional data set mostly related to the origi-

nal Landsat ETM+ bands. Accordingly, the first PCA axis
(PC1), explaining 71% of the variance of the whole multispectral dataset, was retained for further analysis. Noteworthy, a PCA axis contains continuous values, and these cannot
be used as classes for rarefaction purposes. For this reason,
PC1 was converted into a 8-bit band splitting values into 256
equal intervals by Rmcdr R-package (Fox et al. 2007). This
range was arbitrarily chosen on the strength of the input radiometric resolution (8 bit = 256 values), but other ranges
could even be adopted (see Le Hégarat-Mascle et al. 1997).
This choice does not impact the analyses, since the interest is
focused on relative differences among biogeographical
subregions. Consequently, for each quadrat, formed by 1089
pixels on average, the number of different DNs could theoretically range from 1 (homogeneous environment such as
water) to 256 (heterogeneous environment composed by different land cover classes). Notice that a maximum number of
DNs lower than 256 per quadrat is expected on the strength
of the spatial autocorrelation of spectral values. Once spectral rarefaction curves are built, the number of DN values per
quadrat can be directly estimated (αDN) and rises until theoretically reaching a value of 256 while new quadrats are
added to the curve. Obviously the theoretical maximum of
256 different values is reached only when the considered biogeographical subregion is so heterogeneous that it comprises
all the 256 values obtained by the first PCA axis.
To graphically represent α-, β- and γ-diversity of the
achieved rarefaction curves and overall to compare the ten
biogeographical subregions, a rectangle was overlapped on
the curve as in Fig. 2. The y dimension of the rectangle represents the whole diversity components considering an additive partitioning of γ-diversity. Such a theoretical formula (γ
= α + β, see Lande 1996) allows to represent all the diversity
components in the same measurement units (Wagner et al.
2000) and has been widely applied in the ecological literature
(see e.g., Gering et al. 2003, Ricotta 2005, Crist and Veech
2006, Pelissier and Couteron 2007, Veech and Crist 2007).
Within the proposed example (Fig. 2) the lowest and highest
y values of the vertical side of the rectangle correspond to the
α- and γ-diversity while the length of the side corresponds to
the β-diversity.
Species and spectral rarefaction curves per biogeographical subregion were compared considering pairs of
accumulated species and DNs per region. The rarefaction
curves of the ten subregions differed in length because of the
different size per subregion. Thus, we chose the range of 1 to
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19 quadrats, which equals the number of quadrats in the
smallest subregion (Table 1). In fact, comparisons among areas need to consider the same minimum “sampling effort”
(hereafter referred to as Sm, in this case equalling to 19, Table
1). A correlation analysis between species E[S] and spectral
E[DN] estimated richness was carried out to test similarities
of species vs. spectral diversity. In particular, Pearson coefficient was calculated for an increasing number of quadrats
(with Sm as maximum number) considering all the biogeographical subregions (N=10).

Results

Figure 2. Once a rarefaction curve has been built, the y dimen-

sion of the dashed rectangle represents the whole components of
diversity. The lowest and highest y values of the vertical side of
the rectangle represent the α- and γ-diversity while the length of
this side represents the β-diversity.

Figure 3. Species and spectral

rarefaction for each biogeographical subregion. The y
dimension of the dashed rectangle represents all the diversity components: lowest y
value = α-diversity; highest y
value: γ-diversity, length of the
vertical side = β-diversity.

Species richness per quadrat in the different biogeographical subregions (α-diversity) showed a similar
value of about 200 species (Fig. 3). On the contrary, quadrats
in the Alps (Northern, Central and Southern Alps) showed
higher total species richness (γSm), ranging from 791 to 921
species, and species turnover (βSm), ranging from 537 to 713
species. Jura Mountains and Central Plateau areas (High
Rhine/Lake Geneva and Central Plateau East and West, Fig.
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positive correlation after a certain amount of area was accumulated (Fig. 4).

Discussion

Figure 4. Pearson correlation coefficient r between species and
spectral estimated richness among biogeographical subregions
(N = 10) plotted against sampling effort (from 1 to 19 sampling
units, see even Table 1). The dashed line represents the threshold over which correlation is significant at p < 0.01.

3) showed slightly lower values of γSm and βSm ranging from
610 to 735 species (γSm) and from 386 to 488 species (βSm).
Considering spectral variability, quadrats in the Alps
were generally more diverse than quadrats in the Jura Mountains and Central Plateau. Contrary to the species richness
pattern, local spectral heterogeneity (αDN) showed a distinctive pattern with higher mountains being more spectrally diverse at local scale. In fact, Northern, Central and Southern
Alps showed high αDN values ranging from 85 to 114 different DNs. On the contrary, quadrats of the Jura Mountains, the
Plateau and foothills of both side of the Alps showed lower
αDN values ranging from 48 to 65 different DNs. Considering γDN,Sm, and βDN,Sm the same pattern achieved for species
rarefaction was obtained for DNs rarefaction. The Alps (including foothills) showed higher values of γDN,Sm, ranging
from 174 to 241, and βDN,Sm, ranging from 114 to 156 different DNs (Fig. 3). Jura Mountains and Central Plateau areas
showed slightly lower values of both γDN,Sm , ranging from
98 to 136, and βDN,Sm, ranging from 49 to 76 different DNs
(Fig. 3).
In summary, quadrats in the Alps showed higher values
of γ- and β-diversity, considering both species and spectral
rarefaction (Fig. 3). Notice that the highest y value of the rectangle and the length of its vertical side (Fig. 3), representing
γ- and β-diversity, are slightly diverse considering the Alps
on the one hand and Jura/Plateau on the other, considering
both species and spectral rarefaction. The unique difference
between species and spectral rarefaction is that local scale diversity (α) showed no differences among biogeographical
subregions considering species counts, while it was slightly
higher in Alps considering DN counts. This phenomenon became apparent when considering the correlation among the
ten subregions between species and spectral values, given the
same sampling effort. The Pearson coefficient of correlation
was negative, even if statistically not significant, at the scale
of one single quadrat and grew up to a statistically significant

Mountainous regions in Switzerland are richer in plant
species than low-elevation regions (Wohlgemuth 1993). In
general, habitat heterogeneity at the landscape scale including species pools for lowland and mountain plants is the main
reason for this pattern (Wohlgemuth 1998). The Jura Mountains and the Alps regions, ranging from ca. 500 to 1600 m
a.s.l. and from 200 to 4600 m a.s.l. respectively, are richer
than the lower elevated Central Plateau because, in the latter
region, mountain species (reflecting a different habitat type)
2
are absent. At the scale of 1 km , species richness in Switzerland peaks in quadrats with mean elevation of about 12001300 m a.s.l. (Wohlgemuth et al. 2008).
The results achieved in this study indicated that spectral
rarefaction is a powerful tool for detecting regionally different biodiversity. This is because with respect to many scales
(number of quadrats), spectral rarefaction positively correlates with species rarefaction. While at the regional scale the
two measures of diversity were statistically correlated, a
weak correlation was found when considering few steps of
the rarefaction curves only. Moreover, at the local scale (αdiversity) a negative correlation was achieved, thus contrasting with the previously described Spectral Variation Hypothesis (SVH); the non significant p-value of such a
correlation suggested a rejection of the SVH. However, this
result may be a statistical artefact deriving from the adopted
sampling design rather than a real response pattern of species
richness vs. spectral variability. In fact, considering that vascular plant species richness in the quadrats referred to the
number of species recorded along transects, this does not represent the whole species richness of a given quadrat, but only
a list of particularly frequent species (Stohlgren et al. 1997a).
Transects are not ideal for capturing species richness because
patchy species and rare habitats are often missed (Stohlgren
2007). Therefore, while consistently collected among bioregions, some bioregions may contain more rare habitats or
more patchily distributed species than others. This may result
in an underestimate of the real α-diversity within each quadrat (Palmer 1995) and in a consequent levelling of the differences among quadrats. Some evidence of this is represented
by the basically equal average α-diversity visible in the species rarefaction curves, in all the different biogeographical
subregions.
Spectral rarefaction brings both advantages and disadvantages in its very nature. Considering the latter, it should
be applied with caution mainly because of scale problems in
matching ground and satellite imagery. An inappropriate
matching of satellite spatial resolution and the grain of field
data could hide actual spatial heterogeneity with sub-pixel
variability remaining undetected (Small 2004, Rocchini
2007b). In this sense, the use of hyperspectral satellite images at coarse spatial resolution like MODIS, whose pixel
size approximates that of the sampling quadrats adopted
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here, may hide the variability of an area simply because of
the high amount of mixed pixels which hampers to detect fine
grained patterns (Fisher 1997). It is well known that a phenomenon could be undetected only because the scale of
analysis is not appropriate for study of such phenomenon
(Stohlgren et al. 1997a). Moreover, one should consider multiple scales during the analysis process from field unit grain
to the whole extent of the study area to detect both accordance and possible discrepancies between species richness
and spectral variability (see Stohlgren et al. 1997a, Stohlgren
et al. 1997b, Wu et al. 2000 about the importance of applying
multiscale approaches to diversity estimate). In this paper,
the use of correlation analysis applied to a continuous change
of sampling effort represented a straightforward methodology for solving such an issue.
Advantages of the spectral rarefaction technique mainly
arise from its implicit capability in estimating landscape
(ecological) heterogeneity from the local to the regional scale
in such a way that it may visualise scaling up properties. This
should allow to individuate heterogeneous areas a priori during the planning phase of species inventorying or monitoring
programs. Considering species inventory issues, once landscape heterogeneous areas have been identified by spectral
rarefaction, sampling designs weighted on landscape heterogeneity could be built to improve species inventory efficiency (Rocchini et al. 2005). Plant species assessment in
relatively large areas has always been an important task for
plant ecologists, including or excluding common standards
in measuring the completeness of the resulting species lists
and in quantifying the sampling effort (see e.g., Palmer 1995,
Palmer et al. 2002). As stated by Palmer et al. (2002), accurately inventorying species over a large region is complicated
by the fact that the botanists cannot inspect every individual
plant in the region and that species composition changes
through time (Robinson et al. 1994, Kirby and Thomas 2000,
McCollin et al. 2000). Different methods have been proposed
to locate those environmental gradients offering the maximum change in species richness (e.g., Gillison and Brewer
1985, Rocchini et al. 2005). Noteworthy, subjective sampling is likely to outperform any objective sampling in terms
of maximising plant species inventories (Palmer et al. 2002).
However, replicable methods for inventorying species are
strongly encouraged for improving statistical estimates of
species richness (Chiarucci et al. 2001, 2003, D’Alessandro
and Fattorini 2002, Baffetta et al. 2007), large scale evaluation and comparison (Koellner et al. 2004, Chiarucci and
Bonini 2005), and multitemporal monitoring (Ferretti and
Chiarucci 2003, Kalkhan et al. 2007).
In this paper, spectral values rather than classified images
were directly used which maintains the continuous information. In most studies using remotely sensed images, predictors of species variability were mainly based on landscape
metrics derived from remote sensing classification
(Stohlgren et al. 1997b). Of course, image classification allows to estimate not only landscape compositional variability, like in the present paper, but even structural variability
over space by applying landscape structural metrics like
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shape indices or interspersion (see e.g., Kumar et al. 2006).
However, as stressed by Palmer et al. (2002) and Schwarz
and Zimmermann (2005), processing remote sensing data
may lead to a loss of information. In fact, as long as the used
classes contain a high degree of reflectance mixture, endmembers (i.e., pixels occupied solely by one cover type) do
not accurately represent actual ecological patterns (see
Townshend et al. 2004 on the matter). This inevitably leads
to the application of several techniques based on robust theoretical background for classifying images avoiding Boolean
memberships, basically relying on mixture modelling (Small
2005, Shanmugam et al. 2006, Nichol and Wong 2007) or on
fuzzy classification (Foody 1996, Woodcock and Gopal
2000, Tang et al. 2005, Okeke and Karnieli 2006, Rocchini
and Ricotta 2007). On the contrary, the results achieved in
this paper promote satellite imagery as continuous ancillary
data with high potential for predicting species richness.

Conclusions
Spectral rarefaction curves are demonstrated to be adequate proxies for species rarefaction curves, with an improved fit with a larger number of sampling units. Obviously,
the achieved results should be viewed as a help to plan field
survey rather than a replacement of it, limiting remote information as a driver for field sampling design strategies. Spectral heterogeneity has been previously demonstrated to have
a sort of predictive power with respect to species richness
within a given site, at different spatial scales (Gould 2000,
Oindo and Skidmore 2002, Rocchini et al. 2004). Further,
Rocchini et al. (2005) demonstrated that species complementarity among sites (β-diversity), i.e., ecological gradients, can
also be maximised by spectral variability. By this paper, we
introduce spectral rarefaction as an effective tool in quantifying diversity at a range of spatial scales.
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