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Abstract
Human activity and land-use change are dramatically altering the sizes, geographical distributions
and functioning of biological populations worldwide, with tremendous consequences for human
well-being. Yet our ability to measure, monitor and forecast biodiversity change – crucial to
addressing it – remains limited. Biodiversity monitoring systems are being developed to improve
this capacity by deriving metrics of change from an array of in situ data (e.g. field plots or species
occurrence records) and Earth observations (EO; e.g. satellite or airborne imagery). However,
there are few ecologically based frameworks for integrating these data into meaningful metrics of
biodiversity change. Here, I describe how concepts of pattern and scale in ecology could be used
to design such a framework. I review three core topics: the role of scale in measuring and modelling biodiversity patterns with EO, scale-dependent challenges linking in situ and EO data and
opportunities to apply concepts of pattern and scale to EO to improve biodiversity mapping.
From this analysis emerges an actionable approach for measuring, monitoring and forecasting
biodiversity change, highlighting key opportunities to establish EO as the backbone of globalscale, science-driven conservation.
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INTRODUCTION

Global biodiversity monitoring is a crucial but challenging
task, as human activities are changing the structure and composition of biological populations at all taxonomic levels
(Dirzo et al. 2014; Ceballos et al. 2017). Mitigating biodiversity loss will require understanding the rates, magnitudes and
geography of these changes (Laurance et al. 2012; Mendenhall
et al. 2014). However, considering the scope of action
required for mitigation, our knowledge of global biodiversity
change remains limited (Daily 1999; Pereira et al. 2012). Furthermore, what is known about biodiversity change is complicated by taxonomic, geographical and temporal scale biases
(Boakes et al. 2010; Donaldson et al. 2016; Gonzalez et al.
2016).
Novel biodiversity monitoring systems are being developed
to systematically assess change for multiple taxa over large
extents (Scholes et al. 2008, 2012; Fern
andez et al. 2015). To
support these systems, several groups have developed novel
approaches to monitor species, communities and ecosystems
over time using globally consistent metrics of change (Butchart et al. 2010; Jetz et al. 2012; Metzger et al. 2013; Pereira
et al. 2013). These metrics are biological, sensitive to change
and ecosystem agnostic, enabling consistent monitoring protocols worldwide (e.g. GEO BON 2017). These efforts have
been greatly bolstered by increasing access to globally available in situ biodiversity observations (Geijzendorffer et al.
2016; Culina et al. 2018). However, as in situ data alone are
often insufficient for assessing global diversity patterns (sensu

the Linnean and Wallacean shortfalls; Bini et al. 2006; Brito
2010), researchers have looked for complementary data to
support monitoring efforts.
Earth observations (EO; e.g. satellite or airborne imagery)
complement in situ data by providing repeat, thematically
consistent and spatially continuous measurements of terrestrial ecosystems, characterising biodiversity patterns over
large, undersampled areas. However, linking field and EO
data faces many challenges. These include overcoming incomplete sampling efforts (i.e. where field measurements do not
adequately characterise the extent of environmental variation;
Marvin & Asner 2016) and reconciling scale mismatches (e.g.
where field plots are much smaller than EO pixels). Developing EO-based biodiversity monitoring systems will require a
comprehensive approach to link these data (Turner 2014; Pettorelli et al. 2016).
Scale plays a key role in both ecology and EO science, and
identifying shared scaling dynamics could provide a basis for
bridging these disciplines. Understanding the roles of spatial
and temporal scales in biological communities is a central
topic in ecology, and is referred to as the problem of pattern
and scale (Wiens 1989; Levin 1992). The problem of pattern
and scale emphasises that multiple ecological processes often
drive biodiversity patterns, and that these processes can act
across multiple spatial and organismal scales (Withers &
Meentemeyer 1999; Waring & Running 2010; Chase & Knight
2013). Therefore, there is rarely a single measurement scale
that best identifies how specific processes drive patterns
(Hutchinson 1953). EO measurements are subject to similar
© 2018 John Wiley & Sons Ltd/CNRS
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Figure 1 Log–log plot of spatial and temporal and grain sizes for 44 current and historic satellite Earth observation (EO) sensors, coloured by biodiversity

pattern type. Several sensors have been used to measure multiple biodiversity patterns, and the most cited or most novel were selected in these cases. See
Table S1 for references to which patterns were measured by each sensor, and for the accompanying study.

scale dependencies: the grain size of an EO sensor often determines which patterns can be measured (Fig. 1; Lechner et al.,
2012; Anderson 2012; Nagendra et al. 2013), and multi-scale
EO analyses can reveal the influences of multiple processes
driving biodiversity patterns (Keil et al. 2012; Taylor et al.
2015). Applying concepts of pattern and scale in ecology to
EO could provide a means to better link these fields, paving
the way for improved biodiversity monitoring.
Here, I review the scales at which EO have been used to
measure and model metrics of biodiversity change, and the
role of scale in linking field data with EO. This is not strictly
a review of which biodiversity patterns EO can measure (sensu
Roughgarden et al. 1991; Turner et al. 2003; Wang et al.
2010; Pettorelli et al. 2014b; Lausch et al. 2016). Instead, this
review addresses three questions: (1) At what scales have current and historical EO been used to measure or model spatial
biodiversity patterns? (2) What are the major challenges linking field-based and EO-based biodiversity measurements, and
how does scale impact these challenges? and (3) How can concepts of pattern and scale, applied to EO, facilitate the translation of biodiversity patterns across scales? This work aims
to further integrate EO into biodiversity monitoring systems,
and to support science-driven conservation efforts.
© 2018 John Wiley & Sons Ltd/CNRS

COMPONENTS OF PATTERN AND SCALE IN ECOLOGY

Explorations of pattern and scale in ecology focus on two distinct but related measurement scales: grain size and extent
(Box 1). In this review, I refer to these scales in a spatial
sense, though temporal grain size could describe the frequency
of observations (e.g. one diurnal cycle for net primary productivity) and temporal extent could describe the total time over
which an ecological process occurs (e.g. phenological variation
throughout a year). Furthermore, I adopt the classes and metrics of biodiversity change from the Essential Biodiversity
Variables framework (Pereira et al. 2013), and refer to these
metrics as biodiversity patterns. This framework captures the
multiple biological scales of diversity (i.e. variation in genes,
species, communities and ecosystems) as opposed to a more
narrow interpretation that refers to biodiversity as variations
in species richness, abundance and evenness. I believe these
disaggregated classes and metrics more comprehensively
address the patterns that can be measured and modelled using
EO. In this section I discuss how concepts of pattern and
scale in ecology apply in biodiversity and EO contexts, then I
review domains of scale, which constrain efforts to generalise
patterns across scales.
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Box 1 Terminology

• Extent: the range over which a pattern or process occurs or is expected to occur (Nekola & White 1999), such as a species
fundamental niche, or the total area measured by an EO sensor.
• Grain size: the size of the smallest individual unit of measurement (Jensen & Lulla 1987), such as a plot or transect in ecology, or the ground sampling distance of an EO sensor.
• Biodiversity pattern: recurring and structured variation in the distributions of genes, species, communities and ecosystems.
• Ecological processes: Activities that result from interactions among organisms and between organisms and their environment (Martinez 1996).
• EO sensor: spaceborne or airborne instruments (e.g. a camera or radar) that record the electromagnetic radiation emitted
or reflected by the landscape (Campbell & Wynne 2011).
• Sensor type: general classifications of EO sensors based on the range of electromagnetic radiation measured, and how it
was measured. Sensors are typically classified as active (i.e. sensors that emit their own energy, then record the reflection of that
energy by the surface) or passive (i.e. sensors that measure energy emitted by the surface, not generated by the sensor). Radar
sensors (e.g. Sentinel-1) are an example of active microwave (1 mm to 1 m) sensors. Multispectral sensors (e.g. Landsat) are an
example of passive optical sensors that measure a range of typically visible (0.38–0.78 lm) to near-infrared (0.78–1.3 lm) or
shortwave-infrared (1.3–3 lm) wavelengths (Campbell & Wynne 2011).
• Sensor fidelity: the ability of a sensor to discriminate between land surface properties, and to discriminate signal from noise
across the dynamic range of the sensor (Campbell & Wynne 2011).
• Continuous measurements: EO measurements mapping the full geographical extent of a region without gaps.
• Discrete measurements: EO measurements mapping specific areas that do not cover the full geographical extent of a region.
• Multi-sensor fusion: integrating measurements from multiple sensors with complementary spatial and temporal characteristics to characterise a single pattern (Hilker et al. 2009).
• Radiometric calibration: the conversion of raw image data (e.g. in digital number format) to units of absolute radiance (e.g.
in W m 2 sr 1 lm 1) to standardise data from multiple sensors into a common scale (Chander et al. 2009).
• Data dimensionality: the minimum number of free variables needed to represent data without information loss (Camastra
2003).

Changing measurement scales

Measurement scales are often selected to understand biodiversity patterns or ecological processes at a specific scale or set
of scales. A key scaling dynamic is that when the scale of
measurement changes, the variation within that measurement
is also subject to change (Wiens 1989; Levin 1992). For example early biodiversity/ecosystem function research suggested
the relationship between species richness and productivity to
be “hump-shaped”, predicting peak biomass accumulation at
intermediate diversity for both primary and secondary productivity (Rosenzweig & Abramsky 1993). However, this functional form was shown to be an artefact of plot size as
opposed to any ecological process (Oksanen 1996), and a global synthesis found mixed evidence for a generalised relationship (Adler et al. 2011). Recently, long-term studies
addressing scale directly have demonstrated a positive diversity-productivity relationship in multiple ecosystems (Liang
et al. 2016; Hungate et al. 2017).
Measurements of community-scale patterns, like species
richness and turnover (i.e. alpha and beta diversity), have also
been shown to vary directly with scale (Rosenzweig 1995).
Coarse grains are expected to contain higher species richness
per grain, and thus lower species turnover between grains
(Nekola & White 1999; Whittaker et al. 2001). This is because
larger grains are expected to contain more rare species and
more environmental variation (e.g. more variation in niche
space; Keil et al. 2015). Indeed, Hurlbert & Jetz (2007)

showed systematic increases in species richness at coarser
grain sizes for birds in South Africa and Australia. Similarly,
species turnover has been shown to decrease at coarser grains
for birds in Britain and North America (Mac Nally et al.
2004; Gaston et al. 2007), and for mammals in Mexico (Arita
& Rodriguez 2002).
Measurement scales likewise determine which biodiversity
patterns can be measured by EO (Fig. 1). Generally, finegrain sensors measure species- and community-scale patterns
like species occurrences (Immitzer et al. 2012) and taxonomic
diversity (Khare et al. 2018). Measuring species traits has proven challenging due in part to difficulties distinguishing individual organisms in EO imagery (Nagendra et al. 2013; Jetz
et al. 2016). But some plant traits, like canopy nitrogen content and photosynthetic rates, can be measured at moderate
grain sizes (Martin et al. 2008; Serbin et al. 2014). High frequency measurements can map temporally sensitive processes
like vegetation phenology (Bradley et al. 2007), but high frequency, continuous measurements often come at the expense
of coarser grain sizes. Coarse grain EO sensors measure
ecosystem-scale patterns, like disturbance regime (Wang et al.
2012; Kogan et al. 2015) and ecosystem extent (Maillard et al.
2008; Bartsch et al. 2009). Satellite EO have historically
focused on measuring ecosystem-scale patterns, due to the
grain sizes of historic sensors, but the increasing number of
fine-grain EO sensors in orbit could shift EO biodiversity
mapping to focus on more species- and community-scale patterns (Fig. 2; Butler 2014b).
© 2018 John Wiley & Sons Ltd/CNRS

4 C. B. Anderson

Reviews and Synthesis

Figure 2 Temporal extents of current and historic satellite sensors, coloured by biodiversity pattern type. Temporally coincident measurements can be
leveraged for analysis in a multi-sensor fusion framework to increase data dimensionality (Box 1).

There are key similarities in scaling dynamics between field
and EO data; grain size and extent both constrain within and
between-grain measurement variation. Large field plots tend
to contain more species per plot, and lower turnover between
plots. Likewise, large EO pixels tend to contain more organisms per grain, and lower turnover between grains, constraining measurement specificity. However, the grain size of an EO
sensor places a constraint only on the smallest unit of measurement; these data can be spatially aggregated to larger
scales (Fisher 1997). For example contiguous pixels measuring
the same tree could be aggregated to delineate a single crown,
or clusters of forested pixels could be aggregated to delineate
forest fragments (Yu et al. 2006). This enables comparisons
between crowns or across fragments, instead of pixels, helping
bridge the gap between spatial and biological scales. This is
known as object-based image analysis (Hay & Castilla 2008),
which is likely to become more common in biodiversity monitoring as novel segmentation algorithms are tuned for EO
(Krizhevsky et al. 2012; Basu et al. 2015). And though this
approach facilitates ecological interpretations of EO data,
there are key scaling dynamics associated with aggregating
data across scales.
© 2018 John Wiley & Sons Ltd/CNRS

Domains of scale

One tenet of the problem of pattern and scale in ecology suggests that, since multiple ecological processes often drive spatial biodiversity patterns, there is rarely a single scale at which
any pattern must be examined (Hutchinson 1953; Levin 1992).
These patterns are often examined at multiple points along
biological, spatial or temporal scale spectrums in order to
understand how multiple processes drive patterns. For example the drivers of net primary productivity in plants could be
examined at leaf, whole plant and landscape scales. The leaf,
plant and landscape, here, represent domains of scale: the
scales over which patterns either do not change, or change
monotonically with changes in scale (Wiens 1989). In this
example, fine-scale processes, like intracrown shading, may
drive the majority of variation in leaf-scale productivity, but
may be less important at landscape scales, where ecosystem
processes like resource availability drive the majority of variation (Field et al. 1995). Partitioning biodiversity patterns into
genetic, species, community and ecosystem-scale patterns
organises them as domains of scale; the processes that drive
variation in species-scale patterns are expected to drive
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variation in ecosystem-scale patterns through separate but
potentially nested pathways (Pereira et al. 2012, 2013).
Constraining measurements and models to discrete domains
of scale is key for simplifying predictions of how species
respond to change (Field 1991). Multi-scale analyses have
been used to identify domains of scale, revealing where transitions across scales has nonlinear effects on observed patterns
(Palmer & White 1994). In community ecology, hierarchical
regression models have been employed to this end (Legendre
et al. 2005). For example Keil et al. (2012) tested how beta
diversity patterns for birds, butterflies, plants, amphibians and
reptiles across Europe varied with distance, climate and land
cover. They found beta diversity (here, dissimilarity) decreased
systematically at coarser grain sizes for each taxon. Their hierarchical analysis found climate was important for predicting
beta diversity patterns at coarse grain sizes, and land cover
was important at fine-grain sizes, though these effects varied
by taxon. Their results suggest that predicting changes in
turnover should assess multiple domains of change simultaneously, and that these scale dependencies are taxon-specific.
The domains of scale where processes drive patterns may
not always be known a priori, however. These are often identified using multi-scale sensitivity analysis. For example Mendenhall et al. (2011) developed a multi-scale model to predict
how bird community composition changed with land cover
change in Costa Rica. They assessed species turnover along
tree cover gradients, finding turnover varied nonlinearly with
cover at both fine and coarse grain sizes. Their results suggested there are two domains of scale over which tree cover
patterns determine turnover patterns for birds (perhaps tracking habitat and resource availability; Morrison et al. 2012).
Furthermore, their results suggested tree cover change could
serve as a proxy to predict turnover in other communities.
Indeed, Mendenhall et al. (2016) found tree cover change predicted changes in composition for understory plants, non-flying mammals, bats, reptiles and amphibians. Furthermore,
they found the grain size of tree cover which best predicted
turnover varied by taxon. Their work highlights one approach
to mapping biodiversity change with EO – identifying
domains of scale through multi-scale sensitivity analysis, then
modelling turnover via regression with EO-derived environmental features.
MEASURING AND MODELLING PATTERNS WITH EO

There are currently two principal paradigms for mapping biodiversity patterns with EO (Turner et al. 2003). First is to
directly measure species, community or ecosystem-scale patterns. Examples of this paradigm include identifying individual organisms within a species (Gairola et al. 2013) or
mapping the extent of an ecosystem (Henderson & Lewis
2008). Second is to model biodiversity patterns indirectly
using EO as predictive environmental features. Examples of
this paradigm include modelling species richness from measurements of habitat structure (Saatchi et al. 2008), or modelling species distributions and turnover using land cover
maps (Guisan & Thuiller 2005; Keil et al. 2012). Here I
review the roles of measurement type and measurement scales
in these paradigms, focusing on biodiversity patterns mapped
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by current and historic spaceborne sensors that can be
accessed by biodiversity monitoring systems (Table S1).
Measuring biodiversity patterns

EO measurements of biodiversity patterns are characterised
by three key properties: sensor type, sensor fidelity and measurement scales (Pettorelli et al. 2014a; O’Connor et al. 2015).
Sensor type determines which patterns can be measured, sensor fidelity constrains the variation in those measurements,
and measurement scales determine the amount of variation
within and between measurements (Box 1; Jensen & Lulla
1987). Passive sensors, such as multispectral sensors and imaging spectrometers, often measure patterns of ecosystem function, like leaf area index (Fensholt et al. 2004), vegetation
phenology (Fan et al. 2015) or disturbance regime (Feng et al.
2008). Active sensors, such as radio or light detection and
ranging sensors (i.e. radar and lidar), often measure patterns
of ecosystem structure, like tree height (Lefsky et al. 2005)
and ecosystem extent (Bartsch et al. 2009). These distinctions
are not axiomatic; multiple sensor types have been used to
measure the same pattern (Pohl & Van Genderen 1998). For
example both radar and multispectral sensors have been used
to measure tree cover. Radar sensors map tree cover by measuring woody structural and hydrological characteristics
(Walker et al. 2010; Shimada et al. 2014), and multispectral
sensors map tree cover by measuring leaf optical properties
like pigment concentrations (Sims & Gamon 2002; Sexton
et al. 2013).
Using multiple sensors to map a single biodiversity pattern
can improve model accuracy and reduce sensor-specific uncertainties, and is known as multi-sensor fusion (Box 1; Hall &
Llinas 1997). One application of this approach has been in
tree cover mapping. Though multispectral sensors are sensitive
to pigment concentrations, measuring tree cover in leaf-off
conditions remains a challenge; exposed branches are optically
similar to dried grass or other non-photosynthetic vegetation
(Asner 1998). To obviate this issue, Naidoo et al. (2016)
mapped cover in a South African savannah by combining
multispectral and radar measurements. Radar is sensitive to
woody biomass regardless of phenology. but can itself be
noisy due to speckling (Lee et al. 1994). Combining these two
sensor types, they mapped tree cover with 90% accuracy,
which was 12% higher than using either sensor independently.
Multi-sensor fusion approaches to biodiversity mapping hold
great promise for reducing sensor-specific uncertainties, and
are poised to become more valuable as access to novel sensor
types increases (Fig. 2; Butler 2014a; Schulte to B€
uhne & Pettorelli 2018).
Comparing measurements from similar sensor types with
different grain sizes has been used to assess the importance of
scale in measuring biodiversity patterns. For example Brown
et al. (2006) compared NDVI measurements from four spaceborne multispectral sensors and found that up to 20% of the
measurement variance between sensors was driven by differences in grain size. Furthermore, Garrigues et al. (2006) found
that changes in grain size explained to up to 50% of the variance in comparisons of multi-scale leaf area index measurements, which increased at coarser grains and in spatially
© 2018 John Wiley & Sons Ltd/CNRS
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Figure 3 Summary of how biodiversity patterns have been modelled using EO data. (a) Conceptual model of how EO have been used to predict
biodiversity patterns using supervised modelling approaches. (b) An example from Mendenhall et al. (2011) modelling bird community similarity as a
function of tree cover across Coto Brus, Costa Rica. (c) An example from Saatchi et al. (2007) modelling aboveground biomass distributions across
Amazonia. (d) An example from Saatchi et al. (2008) modelling tree species distributions across Amazonia.

heterogeneous landscapes. Comparing these spatial uncertainties to the radiometric calibration uncertainties of EO sensors
(i.e. sensor fidelity), which are often between 5 and 10%
absolute radiance (Chander et al. 2009), suggests that differences in measurement scales can be similarly important as differences in sensor fidelity for mapping biodiversity patterns.
The physical drivers of this scale dependence have been
explored with radiative transfer models, particularly for patterns of ecosystem function (Asner et al. 1998; Jacquemoud
et al. 2009), but should be further quantified for other biodiversity patterns.
Modelling biodiversity patterns

Biodiversity patterns that are difficult to measure directly with
EO are often modelled as a function of environmental features (Fig. 3). There are many approaches to modelling biodiversity patterns with EO, including models of species-scale
(Fig. 3d; Saatchi et al. 2008), community-scale (Fig. 3b; Mendenhall et al. 2011) and ecosystem-scale biodiversity patterns
(Fig. 3c; Saatchi et al. 2007). These approaches typically
resample all data layers to a uniform grain size and extent,
© 2018 John Wiley & Sons Ltd/CNRS

occasionally after multi-scale sensitivity analysis (McGarigal
et al. 2016). Here I briefly discuss models of individual species
distributions (Guisan & Thuiller 2005) and models of community-scale patterns like alpha and beta diversity (Rocchini
2007). These modelling methods have been reviewed elsewhere
(Gillespie et al. 2008; Rocchini et al. 2010; Pettorelli et al.
2014a), but this section reviews role of scale in these
approaches.
Species distribution models (SDMs) predict species geographical distributions across an extent as a function of environmental features that constrain habitat availability and use
(Soberon & Peterson 2005). There have been many discussions
on feature selection in SDM (Booth et al. 2014; Brandt et al.
2017; Fourcade et al. 2018), but some key reviews have
emphasised that scale selection can play a similarly important
role (Mayor et al. 2009; McGarigal et al. 2016). Even so,
studies addressing scale directly have found equivocal results.
For example Guisan et al. (2007) modelled bird and plant distributions at multiple grain sizes, finding only small decreases
in model accuracy at coarser grain sizes on average. Disaggregating these results by taxon, however, revealed significant
decreases in accuracy at coarser grains for all plants, but only
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some birds. In addition, species with the least training data
saw the largest decreases in accuracy. Seo et al. (2009) further
explored these patterns in nine plant species, comparing both
model accuracy and the spatial patterns of distributions. They
found model accuracy decreased consistently at coarser grains,
and that these decreases were species-specific. They also found
significant spatial disagreement between models of varying
grain size for each species, which could have major consequences for spatial conservation planning (Faleiro et al.
2013).
There are two principal approaches to modelling community-scale patterns with EO. First is to predict the distributions of all species in a community, then overlay these outputs
to estimate community composition (i.e. stacked SDMs;
Thuiller et al. 2009; Calabrese et al. 2014). Second is to model
community diversity metrics via regression (Gillespie et al.
2008; Saatchi et al. 2008). As above, the role of scale in these
approaches has been equivocal. For example Thuiller et al.
(2015) modelled multiple plant community diversity metrics in
the French Alps using a stacked-SDM approach at varying
grain sizes. They found that estimates of functional diversity,
phylogenetic diversity and species richness all varied independently with changes in grain size. Functional diversity was
best predicted at the finest grain size (250 m), whereas phylogenetic diversity and species richness were best predicted at
coarser grain sizes (1000 m), suggesting scale dependence at
the community scale is often process specific.
Assessing scale dependence in regression approaches has
been done by comparing species richness predictions across
multiple sensors. Nagendra et al. (2010) modelled plant species richness using features from a fine grain, low fidelity sensor (IKONOS) and a moderate grain, high fidelity sensor
(Landsat). Since community diversity metrics assess withinand between-grain variation, one may expect that fine-grain
EO better predict these patterns. On the other hand, high fidelity measurements may better discriminate the between-grain
variation in environmental features that predict spatial turnover in communities. They found that, despite the coarser
grain size, Landsat-based models better predicted plot-level
species richness. Though the IKONOS data matched the grain
size of the field plots, they failed to meaningfully discriminate
the spatial variation in environmental features that predicted
spatial richness patterns. Further disentangling the effects of
sensor fidelity from varying measurement scales will help discriminate sensor dependence from scale dependence in modelling other biodiversity patterns.
Linking measurements and models

EO measurements and models of biodiversity patterns are
tightly connected. They are both subject to pattern-specific
scale dependencies, and multi-scale comparisons or sensitivity
analyses are essential for quantifying and understanding these
dependencies. Furthermore, when EO measurements are the
features used to model biodiversity patterns, scale-dependent
measurement variation becomes embedded within the models.
This might obfuscate process-driven scale dependence for variation driven by changing measurement scales. Constraining
scale-dependent variation in EO measurements of biodiversity

Earth observations and the ecology of scale 7

patterns, and disentangling this variation from variation driven by sensor fidelity, will be key for reducing uncertainties in
multi-scale modelling efforts. In the following section I review
some other challenges linking measurements and models of
biodiversity patterns, and opportunities for multi-scale analyses to address these challenges.
TRANSLATING BIODIVERSITY PATTERNS ACROSS
SCALES

One central challenge linking field and EO data is overcoming
scale mismatches. These mismatches occur where response
and feature data were sampled at disparate and irreconcilable
scales. The size of field plots (i.e. the response data) are often
much smaller than the grain size of EO sensors (i.e. the feature data), which can obscure key patterns and processes
operating between these scales. For example Cleveland et al.
(2015) modelled spatial patterns of net primary productivity
across the Amazon basin using three models at three scales:
from plot data upscaled to the study extent (0.1 ha grain size),
from MODIS data collected across the full extent (1 km2
grain size) and from a community land model (12 500 km2
grain size). These methods calculated the same average net
primary productivity across the Amazon, indicating a potential convergence of processes driving forest productivity. However, results from the finer-scale methods were shown to be
spatially independent from the others, suggesting they converged on the same average for different reasons. In this case,
comparing multiple models at mismatched scales that calculated the same result can make it difficult to disaggregate the
role of process from the role of scale in understanding spatial
patterns of productivity.
One key challenge in translating patterns across mismatched
scales is capturing the dynamics of intermediate-scale biodiversity patterns that are poorly characterised by field data.
These patterns are too rare to be characterise with field plots
alone, and are often difficult to reliably measure with coarse
grain EO. For example Fisher et al. (2008) and Chambers
et al. (2009) identified that tree falls patterns, which tend to
be both rare and spatially clustered, are underrepresented in
field plots in the Amazon. Their analyses demonstrated that
efforts to model related patterns using just field data (e.g. carbon sequestration) would necessarily underestimate feedbacks
from these intermediate-scale disturbances. Marvin et al.
(2014) quantified these mismatches using airborne lidar data,
finding between 44 and 85 field plots per forest type would be
required to characterise mean, community-scale carbon and
disturbance dynamics. These results suggest that, to translate
patterns across scales, field measurements should be greatly
expanded, or novel data should be used to characterise intermediate-scale patterns.
The challenges presented by scale mismatches can be framed
by two tenets of the problem of pattern and scale: that multiple ecological processes can drive biodiversity patterns, and
that there is rarely a single scale that best identifies how specific processes drive patterns (Wiens 1989; Levin 1992). These
tenets suggest that multi-scale analyses, which capture the
intermediate-scale patterns obscured between fine and coarse
grain patterns, could improve empirical approaches to
© 2018 John Wiley & Sons Ltd/CNRS
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Figure 4 Summary of how biodiversity patterns have been modelled using EO data in a multi-scale modelling framework. (a) Conceptual model of how EO
data have been used to predict biodiversity patterns using a multi-scale modelling approach. (b) An example from Baccini et al. (2012) demonstrating the
multi-scale modelling approach for predicting tropical biomass globally. Leveraging coincident data from multiple sensors in this framework provide
opportunities to translate biodiversity patterns across scales.

mapping biodiversity patterns with EO. Iteratively modelling
patterns with multi-scale EO has been used to map a range of
biodiversity patterns at moderate grain sizes across large
extents, and presents an actionable approach to overcoming
some of the challenges presented by scale mismatches.
Multi-scale modelling

Multi-scale models attempt to obviate scale mismatches
through iteratively modelling patterns at varying grain sizes
(Fig. 4a). One key innovation of the multi-scale modelling
approach was to leverage intermediate-scale data sources that
capture the extent-wide variation in EO features, which is difficult to cover with field plots alone. For example Baccini
et al. (2012) developed a benchmark map of pantropical
aboveground biomass using a multi-scale model, a network of
field plots, discrete spaceborne lidar data (70 m) and continuous, coarse grain EO (500 m; Fig. 4b). First, they calibrated
an allometric model (e.g. Chave et al. 2005) using biomass
plots coincident with lidar-derived tree height data. Next, they
applied this model to all tree height measurements, creating a
discrete, global biomass map. Finally, they modelled biomass
continuously using a regression tree model, with lidar-derived
biomass as the response and EO data on climate, topography
and ecosystem function as the environmental features. Their
final map of aboveground biomass served as a benchmark for
global carbon monitoring (Ciais et al. 2014).
Multi-scale models have also been used to monitor temporal
changes using intermediate-scale EO, overcoming some of the
© 2018 John Wiley & Sons Ltd/CNRS

challenges highlighted by Fisher et al. (2008) and Marvin
et al. (2014). For example Baccini et al. (2017) assessed temporal patterns of change in aboveground biomass using EO
measurements of forest growth, disturbance and deforestation.
Intermediate-scale disturbance measurements were essential
for capturing the magnitude of change: their results revealed
that disturbance accounts for nearly 70% of forest emissions,
and that the Earth’s tropical forests are now a net source of
carbon to the atmosphere. Considering how little is known
about the rate, magnitude and direction of global biodiversity
change (Pereira et al. 2012; McGill et al. 2015), I expect these
multi-scale analyses will prove essential for settling debates
over other key knowledge gaps (e.g. Vellend et al. 2013; Gonzalez et al. 2016). These analyses have also proven essential
for mapping patterns that have been difficult to directly measure with EO: species traits.
Multi-scale trait mapping

Measuring species traits as a complement to species counts
has become a priority for biodiversity science. Traits have
been touted as a link between applied and theoretical biodiversity research and as a means to better represent ecosystem
function in Earth systems models (Shipley et al. 2006; Jetz
et al. 2016; Funk et al. 2017). Plant functional traits (PFTs)
are one subset of species traits that can be mapped using EO,
specifically by imaging spectroscopy (Kokaly et al. 2009). One
key benefit of measuring PFTs with EO is that they can be
mapped without having to identify and characterise every
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species a priori; capturing the range and variation in traits is
often more important. The prospective launches of spaceborne
imaging spectrometers, such as EnMAP, PRISMA and
HISUI, are currently touted as the best bet for mapping PFTs
globally (Stuffler et al. 2007; Galeazzi et al. 2008; Matsunaga
et al. 2011). Simulations from preparatory campaigns have
found mixed results, however. Bachmann et al. (2015) demonstrated that the moderate fidelity of these sensors should lead
to high variation in surface reflectance measurements (the
basis for measuring PFTs). Furthermore, the moderate grain
size of these sensors (30 m) has been shown to significantly
reduce classification accuracies compared to fine-grain measurements in other contexts (Kruse et al. 2011). This decrease
in accuracy is expected to be exacerbated for PFTs since
canopy structure, not trait variation, drives the majority of
reflectance signal at moderate grains (Yao et al. 2015).
These results suggest spaceborne trait measurements may not
yet provide a panacea. Fortunately, airborne imaging spectrometers can measure these traits at the scales of individual organisms, and these measurements can be combined with other EO
to model PFT distributions over large extents (sensu Fig. 4a).
For example Asner et al. (2016) used a multi-scale modelling
approach to map PFTs across the Peruvian Amazon. First they
measured PFTs for all canopy trees in a network of field plots,
capturing the physiological range of each trait. Next they
trained regression models using each trait as the response variable, and the imaging spectroscopy data as features. These trait
models were then applied to all airborne data, which were collected across gradients of elevation, geology and forest type.
Finally, they modelled these traits continuously using the airborne-scale trait maps as the responses, and satellite measurements of ecosystem structure, ecosystem function, climate and
topography as features. Since these traits vary widely within
plots, and more so across the full study extent, the airbornescale trait maps were essential for capturing local-scale trait
variation across the region. The intermediate-scale maps provided more data to train the satellite-based models and, aggregated to the grain size of the satellite data, obviated problems
of sampling effort and scale mismatch.
Applying these multi-scale modelling approaches could
enable monitoring similar biodiversity patterns that have
otherwise proven difficult to map over large extents. Though
access to intermediate-scale data has been historically limited,
it should increase with the launch of novel fine-grain sensors
(Fig. 2; Malenovsky et al. 2012). Monitoring intermediatescale patterns could be further bolstered by expanding the
scope of airborne mapping by groups like NEON’s Airborne
Operations Platform (Keller et al. 2008), DLR’s Optical Airborne Remote Sensing platform (OpAiRS; Baumgartner et al.
2012; Leutner et al. 2012), or the Carnegie Airborne Observatory (CAO; Asner et al. 2012). Linking field, airborne and
spaceborne measurements could be used to map fine-scale patterns like species traits across large extents, generate intermediate-scale data to train and test satellite measurements, and
link the distributions of community and ecosystem-scale patterns to species identities (Clark et al. 2005; Baldeck et al.
2015). Furthermore, implementing large-scale airborne mapping efforts could be done at a fraction of the price of building and launching a satellite (Mascaro et al. 2014).
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PATTERN, SCALE AND BIODIVERSITY MONITORING

Global biodiversity monitoring systems hold great promise for
biodiversity science and conservation. These systems could
help forecast the rate, magnitude and geography of biodiversity change, identifying opportunities to mitigate human
impacts on biological communities. EO can support biodiversity monitoring with consistent and repeat assessments of biodiversity change, providing a unique global perspective on our
changing biosphere. Applying concepts of pattern and scale in
ecology to EO could link these fields in support of this vision.
However, Estes et al. (2018) found little overlap in the ecology
literature between studies analysing field data and studies analysing EO data, highlighting the gap between these communities. Furthermore, problems presented by scaling dynamics
(e.g. scale mismatches) have helped frame EO science as distinct from ecology, subject to different rules and standards.
Developing an ecologically based framework for monitoring
biodiversity change with EO will require overcoming this distinction.
There are several key similarities between field and EO data:
changing their grain size or extent fundamentally alters within
and between-grain variation, there is rarely a single scale at
which any pattern should be examined, and aggregating measurements to discrete domains of scale can constrain nonlinear
responses to change. These similarities frame EO as an extension of field data; their differences are more in scale than they
are in kind. Multi-scale analyses linking field and EO data
support this, emphasising that targeted field collections are
essential for mapping biodiversity patterns that are difficult to
measure independently with EO. In the context of biodiversity
monitoring with EO, field data play three key roles: training
EO to map novel biodiversity patterns; developing and testing
forecasts of biodiversity change, and constraining the extents
to which we can generalise patterns of change.
One key challenge in measuring biodiversity patterns with
EO is converting at-sensor measurements into biologically
meaningful metrics of change (e.g. from at-sensor radiance to
percent tree cover). This is often done empirically via calibration with field measurements. These calibrations require a lot
of data; EO data dimensionality is often very high (Box 1)
and the variation in biological communities that drives measurement variance is similarly high. However, it is difficult for
any one research group to independently collect the field data
necessary to capture this variation. One way to overcome this
challenge is to leverage open data. Access to open biodiversity
data has increased dramatically over the past decade (Kattge
et al. 2011; Jetz et al. 2012; Metzger et al. 2013; Culina et al.
2018), as has access to open EO (Nemani et al. 2011; Irons
et al. 2012; Gorelick et al. 2017). And though there are
known spatial, temporal and taxonomic gaps in open biodiversity data (Beck et al. 2014; Geijzendorffer et al. 2016),
extrapolating from incomplete measurements to fill these gaps
is a key role for EO. Training global, multi-scale EO models
using centralised and curated field data could provide baseline
estimates of spatial biodiversity patterns that have been otherwise difficult to characterise. These baselines could be tested
independently by researchers with improved local data and
local knowledge, identifying opportunities to improve regional
© 2018 John Wiley & Sons Ltd/CNRS
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and global models. These analyses could spur modelling and
data collection efforts to fill gaps, and to develop better forecasting tools. These are urgently needed in ecology (Dietze
et al. 2018).
Another key role for field data is to develop and test predictive, process-based models of temporal change. EO are
uniquely suited for empirically monitoring change, especially
for directly measurable patterns (e.g. disturbance; Zhu et al.
2012; Cohen et al. 2016). Yet forecasting change under conditions outside the range of historic variation (e.g. under novel
climate and land-use scenarios) remains a challenge for EO.
Furthermore, temporal lags between local environmental
change and other scales of change (e.g. for species or community-scale patterns) can obfuscate efforts to identify the
impacts of change (Essl et al. 2015). Developing process-based
models that couple temporal changes in EO to changes in
other biodiversity patterns could address these issues (Korzukhin et al. 1996; Adams et al. 2013). And while there are
many process-based EO models, and many process-based biodiversity models, we now have the technical capacity to link
and test them using open data at multiple scales, identifying
consensus models and key data gaps. Coupling process-based
models with long-term, regularly updated and globally consistent measurements of change from EO could be used to
develop early warning systems for identifying where species,
communities and ecosystems will respond to change in novel
ways, and may identify opportunities for science-driven mitigation (Daily 1999; Scholes et al. 2008).
Finally, field data are key for constraining how we generalise EO measurements and models of biodiversity change.
One advantage of monitoring change with EO is that measurements are globally consistent; tree cover change can be
mapped continuously across tropical, temperate and boreal
forests (Hansen et al. 2013). This enables other models of
change that use tree cover data as features to be applied globally, such as the models of community composition in Mendenhall et al. (2016). This would be imprecise, however; the
relationships between tree cover and community composition
in tropical countrysides may not apply to timber plantations.
In other words, this model is not stationary; the relationships
between feature and response variables can change across the
extent of the data (Hawkins 2012). The regions over which
these relationships are stationary can be considered domains
of scale, constraining the extents to which a model can generalise. It is currently difficult to identify these domains of scale
with EO alone. Several algorithms can be employed to automate this task for EO (e.g. segmentation, clustering), but field
data are key for interpreting and constraining these extents to
biologically meaningful domains, and for testing their accuracy. Linking field and EO data to identify these domains of
scale will be central to ecologically translating knowledge of
local biodiversity patterns to regional and global scales.
After decades of work from biodiversity scientists, EO scientists and conservation groups, the stage is now set to establish ambitious, science-driven biodiversity monitoring systems
and consistent, repeat and globally available EO will play a
key role in these systems. Scale is a central and unifying concept for biodiversity and EO sciences, and monitoring change
with EO should be based on the principles and ecology of
© 2018 John Wiley & Sons Ltd/CNRS
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scale. Global biodiversity monitoring promises to expand our
understanding of Earth’s species, communities and ecosystems
and, with luck, could help us discover the wisdom necessary
to conserve them.
ACKNOWLEDGEMENTS

This work was supported by the Bing-Mooney Fellowship in
Environmental Science and Conservation at Stanford University’s Department of Biology. I thank Hal Mooney, Henrique
Perreira, Jeff Smith, Nick Hendershot, Phil Brodrick, Emily
Francis and three anonymous reviewers for their thoughtful
comments on earlier versions of this manuscript. I also thank
Robin Martin and Greg Asner for their previous advisement
and support. Finally, I thank Chris Field and Gretchen Daily
for providing comments on this manuscript, and for their continued advisement, support and inspiration.
AUTHORSHIP

CBA designed research, performed research and wrote the
final manuscript.
DATA ACCESSIBILITY STATEMENT

The data and figures in this manuscript have been uploaded
to Dryad under the following https://doi.org/10.5061/dryad.
26q7j45.
REFERENCES
Adams, H.D., Williams, A.P., Xu, C., Rauscher, S.A., Jiang, X. &
McDowell, N.G. (2013). Empirical and process-based approaches to
climate-induced forest mortality models. Front. Plant Sci., 4, 438.
Adler, P.B., Seabloom, E.W., Borer, E.T., Hillebrand, H., Hautier, Y.,
Hector, A. et al. (2011). Productivity is a poor predictor of plant
species richness. Science, 333, 1750–1753.
Anderson, L.O. (2012). Biome-scale forest properties in amazonia based
on field and satellite observations. Remote Sens., 4, 1245–1271.
Arita, H.T. & Rodriguez, P. (2002). Geographic range, turnover rate and
the scaling of species diversity. Ecography, 25, 541–550.
Asner, G.P. (1998). Biophysical and biochemical sources of variability in
canopy reflectance. Remote Sens. Environ., 64, 234–253.
Asner, G.P., Wessman, C.A. & Archer, S. (1998). Scale dependence of
absorption of photosynthetically active radiation in terrestrial
ecosystems. Ecol. Appl., 8, 1003–1021.
Asner, G.P., Knapp, D.E., Boardman, J., Green, R.O., KennedyBowdoin, T., Eastwood, M. et al. (2012). Carnegie Airborne
Observatory-2: increasing science data dimensionality via high-fidelity
multi-sensor fusion. Remote Sens. Environ., 124, 454–465.
Asner, G.P., Knapp, D.E., Anderson, C.B., Martin, R.E. & Vaughn, N.
(2016). Large-scale climatic and geophysical controls on the leaf
economics spectrum. Proc. Natl Acad. Sci. USA, 113, E4043–E4051.
Baccini, A., Goetz, S.J., Walker, W.S., Laporte, N.T., Sun, M., SullaMenashe, D. et al. (2012). Estimated carbon dioxide emissions from
tropical deforestation improved by carbon-density maps. Nat. Clim.
Chang., 2, 182.
Baccini, A., Walker, W., Carvalho, L., Farina, M., Sulla-Menashe, D. &
Houghton, R.A. (2017). Tropical forests are a net carbon source based
on aboveground measurements of gain and loss. Science, 358, 230–
234.
Bachmann, M., Makarau, A., Segl, K. & Richter, R. (2015). Estimating
the influence of spectral and radiometric calibration uncertainties on

Reviews and Synthesis

EnMAP data products—examples for ground reflectance retrieval and
vegetation indices. Remote Sens., 7, 10689–10714.
Baldeck, C.A., Asner, G.P., Martin, R.E., Anderson, C.B., Knapp, D.E.,
Kellner, J.R. et al. (2015). Operational tree species mapping in a
diverse tropical forest with airborne imaging spectroscopy. PLoS ONE,
10, e0118403.
Bartsch, A., Wagner, W., Scipal, K., Pathe, C., Sabel, D. & Wolski, P.
(2009). Global monitoring of wetlands–the value of ENVISAT ASAR
Global mode. J. Environ. Manage., 90, 2226–2233.
Basu, S., Ganguly, S., Mukhopadhyay, S., DiBiano, R., Karki, M. &
Nemani, R. (2015). DeepSat: A learning framework for satellite
imagery. In: Proceedings of the 23rd SIGSPATIAL International
Conference on Advances in Geographic Information Systems,
SIGSPATIAL ‘15. ACM, New York, NY, pp. 37:1–37:10.
Baumgartner, A., Gege, P., K€
ohler, C., Lenhard, K. & Schwarzmaier, T.
(2012). Characterisation methods for the hyperspectral sensor HySpex
at DLR’s calibration home base. In: Sensors, Systems, and NextGeneration Satellites XVI, Vol. 8533 (eds Meynart, R., Neeck, S.P. &
Shimoda, H.). International Society for Optics and Photonics,
Bellingham, pp. 1–8.
Beck, J., B€
oller, M., Erhardt, A. & Schwanghart, W. (2014). Spatial bias
in the GBIF database and its effect on modeling species’ geographic
distributions. Ecol. Inform., 19, 10–15.
Bini, L.M., Diniz-Filho, J.A.F., Rangel, T.F.L.V.B., Bastos, R.P. &
Pinto, M.P. (2006). Challenging Wallacean and Linnean shortfalls:
knowledge gradients and conservation planning in a biodiversity
hotspot. Divers. Distrib., 12, 475–482.
Boakes, E.H., McGowan, P.J.K., Fuller, R.A., Chang-qing, D., Clark,
N.E., O’Connor, K. et al. (2010). Distorted views of biodiversity:
spatial and temporal bias in species occurrence data. PLoS Biol., 8,
e1000385.
Booth, T.H., Nix, H.A., Busby, J.R. & Hutchinson, M.F. (2014). bioclim:
the first species distribution modelling package, its early applications
and relevance to most current MaxEnt studies. Divers. Distrib., 20, 1–9.
Bradley, B.A., Jacob, R.W., Hermance, J.F. & Mustard, J.F. (2007). A
curve fitting procedure to derive inter-annual phenologies from time
series of noisy satellite NDVI data. Remote Sens. Environ., 106, 137–145.
Brandt, L.A., Benscoter, A.M., Harvey, R., Speroterra, C., Bucklin, D.,
Roma~
nach, S.S. et al. (2017). Comparison of climate envelope models
developed using expert-selected variables versus statistical selection.
Ecol. Modell., 345, 10–20.
Brito, D. (2010). Overcoming the Linnean shortfall: data deficiency and
biological survey priorities. Basic Appl. Ecol., 11, 709–713.
Brown, M.E., Pinzon, J.E., Didan, K., Morisette, J.T. & Tucker, C.J.
(2006). Evaluation of the consistency of long-term NDVI time series
derived from AVHRR, SPOT-vegetation, SeaWiFS, MODIS, and
Landsat ETM+ sensors. IEEE Trans. Geosci. Remote Sens., 44, 1787–
1793.
Butchart, S.H.M., Walpole, M., Collen, B., van Strien, A., Scharlemann,
J.P.W., Almond, R.E.A. et al. (2010). Global biodiversity: indicators of
recent declines. Science, 328, 1164–1168.
Butler, D. (2014a). Earth observation enters next phase. Nature, 508, 160–
161.
Butler, D. (2014b). Many eyes on earth. Nature, 505, 143–144.
Calabrese, J.M., Certain, G., Kraan, C. & Dormann, C.F. (2014).
Stacking species distribution models and adjusting bias by linking them
to macroecological models: stacking species distribution models. Glob.
Ecol. Biogeogr., 23, 99–112.
Camastra, F. (2003). Data dimensionality estimation methods: a survey.
Pattern Recognit., 36, 2945–2954.
Campbell, J.B. & Wynne, R.H. (2011). Introduction to Remote Sensing,
5th edn. Guilford Press, New York City, NY.
Ceballos, G., Ehrlich, P.R. & Dirzo, R. (2017). Biological annihilation via
the ongoing sixth mass extinction signaled by vertebrate population
losses and declines. Proc. Natl Acad. Sci. USA, 114, E6089–E6096.
Chambers, J.Q., Negr
on-Juarez, R.I., Hurtt, G.C., Marra, D.M. &
Higuchi, N. (2009). Lack of intermediate-scale disturbance data

Earth observations and the ecology of scale 11

prevents robust extrapolation of plot-level tree mortality rates for oldgrowth tropical forests. Ecol. Lett., 12, E22–E25.
Chander, G., Markham, B.L. & Helder, D.L. (2009). Summary of current
radiometric calibration coefficients for Landsat MSS, TM, ETM+, and
EO-1 ALI sensors. Remote Sens. Environ., 113, 893–903.
Chase, J.M. & Knight, T.M. (2013). Scale-dependent effect sizes of
ecological drivers on biodiversity: why standardised sampling is not
enough. Ecol. Lett., 16(Suppl 1), 17–26.
Chave, J., Andalo, C., Brown, S., Cairns, M.A., Chambers, J.Q., Eamus,
D. et al. (2005). Tree allometry and improved estimation of carbon
stocks and balance in tropical forests. Oecologia, 145, 87–99.
Ciais, P., Sabine, C., Bala, G., Bopp, L., Brovkin, V., Canadell, J. et al.
(2014). Carbon and other biogeochemical cycles. In: Climate Change
2013: The Physical Science Basis. Contribution of Working Group I to
the Fifth Assessment Report of the Intergovernmental Panel on Climate
Change (eds. Heinze, C., Tans, P., Vesala, T.). Cambridge University
Press, Cambridge, UK, pp. 465–570.
Clark, M.L., Roberts, D.A. & Clark, D.B. (2005). Hyperspectral
discrimination of tropical rain forest tree species at leaf to crown scales.
Remote Sens. Environ., 96, 375–398.
Cleveland, C.C., Taylor, P., Chadwick, K.D., Dahlin, K., Doughty, C.E.,
Malhi, Y. et al. (2015). A comparison of plot-based satellite and Earth
system model estimates of tropical forest net primary production.
Global Biogeochem. Cycles, 29, 626–644.
Cohen, W.B., Yang, Z., Stehman, S.V., Schroeder, T.A., Bell, D.M.,
Masek, J.G. et al. (2016). Forest disturbance across the conterminous
United States from 1985–2012: the emerging dominance of forest
decline. For. Ecol. Manage., 360, 242–252.
Culina, A., Baglioni, M., Crowther, T.W., Visser, M.E., WoutersenWindhouwer, S. & Manghi, P. (2018). Navigating the unfolding open
data landscape in ecology and evolution. Nat. Ecol. Evol., 2, 420–
426.
Daily, G. (1999). Developing a scientific basis for managing earth’s life
support systems. Conserv. Ecol., 3, 1–14.
Dietze, M.C., Fox, A., Beck-Johnson, L.M., Betancourt, J.L., Hooten,
M.B., Jarnevich, C.S. et al. (2018). Iterative near-term ecological
forecasting: needs, opportunities, and challenges. Proc. Natl Acad. Sci.
USA, 115, 1424–1432.
Dirzo, R., Young, H.S., Galetti, M., Ceballos, G., Isaac, N.J.B. & Collen,
B. (2014). Defaunation in the anthropocene. Science, 345, 401–406.
Donaldson, M.R., Burnett, N.J., Braun, D.C., Suski, C.D., Hinch, S.G.,
Cooke, S.J. et al. (2016). Taxonomic bias and international biodiversity
conservation research. Facets, 1, 105–113.
Essl, F., Dullinger, S., Rabitsch, W., Hulme, P.E., Pysek, P., Wilson,
J.R.U. et al. (2015). Delayed biodiversity change: no time to waste.
Trends Ecol. Evol., 30, 375–378.
Estes, L., Elsen, P.R., Treuer, T., Ahmed, L., Caylor, K., Chang, J. et al.
(2018). The spatial and temporal domains of modern ecology. Nat.
Ecol. Evol., 2, 819–826.
Faleiro, F.V., Machado, R.B. & Loyola, R.D. (2013). Defining spatial
conservation priorities in the face of land-use and climate change. Biol.
Conserv., 158, 248–257.
Fan, H., Fu, X., Zhang, Z. & Wu, Q. (2015). Phenology-based vegetation
index differencing for mapping of rubber plantations using Landsat
OLI data. Remote Sens., 7, 6041–6058.
Feng, J., Tang, H., Bai, L., Zhou, Q. & Chen, Z. (2008). New Fast
Detection Method of Forest Fire Monitoring and Application Based on
FY-1D/MVISR Data. In: Computer And Computing Technologies In
Agriculture, Volume I, The International Federation for Information
Processing. Presented at the International Conference on Computer and
Computing Technologies in Agriculture, Springer US, pp. 613–628.
Fensholt, R., Sandholt, I. & Rasmussen, M.S. (2004). Evaluation of
MODIS LAI, fAPAR and the relation between fAPAR and NDVI in a
semi-arid environment using in situ measurements. Remote Sens.
Environ., 91, 490–507.
Fernandez, M., Navarro, L.M., Apaza-Quevedo, A., Gallegos, S.C.,
Marques, A., Zambrana-Torrelio, C. et al. (2015). Challenges and

© 2018 John Wiley & Sons Ltd/CNRS

12 C. B. Anderson

opportunities for the Bolivian biodiversity observation network.
Biodiversity, 16, 86–98.
Field, C.B. (1991). Ecological scaling of carbon gain to stress and
resource. In: Response of Plants to Multiple Stresses (eds. Mooney,
H.A., Winner, W.E., Pell, E.J.). Academic Press, San Diego, pp. 35–65.
Field, C.B., Randerson, J.T. & Malmstr€
om, C.M. (1995). Global net
primary production: combining ecology and remote sensing. Remote
Sens. Environ., 51, 74–88.
Fisher, P. (1997). The pixel: a snare and a delusion. Int. J. Remote Sens.,
18, 679–685.
Fisher, J.I., Hurtt, G.C., Thomas, R.Q. & Chambers, J.Q. (2008).
Clustered disturbances lead to bias in large-scale estimates based on
forest sample plots. Ecol. Lett., 11, 554–563.
Fourcade, Y., Besnard, A.G. & Secondi, J. (2018). Paintings predict
the distribution of species, or the challenge of selecting
environmental predictors and evaluation statistics. Glob. Ecol.
Biogeogr., 27, 245–256.
Funk, J.L., Larson, J.E., Ames, G.M., Butterfield, B.J., Cavender-Bares,
J., Firn, J. et al. (2017). Revisiting the Holy Grail: using plant
functional traits to understand ecological processes. Biol. Rev. Camb.
Philos. Soc., 92, 1156–1173.
Gairola, S., Prochesß, S
ß . & Rocchini, D. (2013). High-resolution satellite
remote sensing: a new frontier for biodiversity exploration in Indian
Himalayan forests. Int. J. Remote Sens., 34, 2006–2022.
Galeazzi, C., Sacchetti, A., Cisbani, A. & Babini, G. (2008). The
PRISMA Program. In: IGARSS 2008 – 2008 IEEE International
Geoscience and Remote Sensing Symposium, pp. IV–105.
Garrigues, S., Allard, D., Baret, F. & Weiss, M. (2006). Influence of
landscape spatial heterogeneity on the non-linear estimation of leaf area
index from moderate spatial resolution remote sensing data. Remote
Sens. Environ., 105, 286–298.
Gaston, K.J., Evans, K.L. & Lennon, J.J. (2007). The scaling of spatial
turnover: pruning the thicket. Scaling Biodivers., 1, 181–222.
Geijzendorffer, I.R., Regan, E.C., Pereira, H.M., Brotons, L., Brummitt,
N., Gavish, Y. et al. (2016). Bridging the gap between biodiversity data
and policy reporting needs: an Essential Biodiversity Variables
perspective. J. Appl. Ecol., 53, 1341–1350.
GEO BON. (2017). GEO BON Strategy for Development of Essential
Biodiversity Variables. GEO BON, Leipzig, Germany.
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.
Gonzalez, A., Cardinale, B.J., Allington, G.R.H., Byrnes, J., Arthur
Endsley, K., Brown, D.G. et al. (2016). Estimating local biodiversity
change: a critique of papers claiming no net loss of local diversity.
Ecology, 97, 1949–1960.
Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D. &
Moore, R. (2017). Google Earth Engine: planetary-scale geospatial
analysis for everyone. Remote Sens. Environ., 202, 18–27.
Guisan, A. & Thuiller, W. (2005). Predicting species distribution: offering
more than simple habitat models. Ecol. Lett., 8, 993–1009.
Guisan, A., Graham, C.H., Elith, J., Huettmann, F. & the NCEAS
Species Distribution Modelling Group. (2007). Sensitivity of predictive
species distribution models to change in grain size. Divers. Distrib., 13,
332–340.
Hall, D.L. & Llinas, J. (1997). An introduction to multisensor data
fusion. Proc. IEEE, 85, 6–23.
Hansen, M.C., Potapov, P.V., Moore, R., Hancher, M., Turubanova,
S.A., Tyukavina, A. et al. (2013). High-resolution global maps of 21stcentury forest cover change. Science, 342, 850–853.
Hawkins, B.A. (2012). Eight (and a half) deadly sins of spatial analysis:
spatial analysis. J. Biogeogr., 39, 1–9.
Hay, G.J. & Castilla, G. (2008). Geographic Object-Based Image Analysis
(GEOBIA): a new name for a new discipline. In: Object-Based Image
Analysis: Spatial Concepts for Knowledge-Driven Remote Sensing
Applications. (eds Blaschke, T., Lang, S., Hay, G.J.). Springer, Berlin
Heidelberg, Berlin, Heidelberg, pp. 75–89.

© 2018 John Wiley & Sons Ltd/CNRS

Reviews and Synthesis

Henderson, F.M. & Lewis, A.J. (2008). Radar detection of wetland
ecosystems: a review. Int. J. Remote Sens., 29, 5809–5835.
Hilker, T., Wulder, M.A., Coops, N.C., Linke, J., McDermid, G., Masek,
J.G. et al. (2009). A new data fusion model for high spatial- and
temporal-resolution mapping of forest disturbance based on Landsat
and MODIS. Remote Sens. Environ., 113, 1613–1627.
Hungate, B.A., Barbier, E.B., Ando, A.W., Marks, S.P., Reich, P.B., van
Gestel, N. et al. (2017). The economic value of grassland species for
carbon storage. Sci. Adv., 3, e1601880.
Hurlbert, A.H. & Jetz, W. (2007). Species richness, hotspots, and the
scale dependence of range maps in ecology and conservation. Proc.
Natl Acad. Sci. USA, 104, 13384–13389.
Hutchinson, G.E. (1953). The concept of pattern in ecology. Proc. Acad.
Nat. Sci. Philadelphia, 105, 1–12.
Immitzer, M., Atzberger, C. & Koukal, T. (2012). Tree species
classification with random forest using very high spatial resolution 8Band WorldView-2 satellite data. Remote Sens., 4, 2661–2693.
Irons, J.R., Dwyer, J.L. & Barsi, J.A. (2012). The next Landsat
satellite: the Landsat data continuity mission. Remote Sens. Environ.,
122, 11–21.
Jacquemoud, S., Verhoef, W., Baret, F., Bacour, C., Zarco-Tejada,
P.J., Asner, G.P. et al. (2009). PROSPECT+SAIL models: a review
of use for vegetation characterization. Remote Sens. Environ., 113,
S56–S66.
Jensen, J.R. & Lulla, K. (1987). Introductory digital image processing: a
remote sensing perspective. Geocarto Int., 2, 65–65.
Jetz, W., McPherson, J.M. & Guralnick, R.P. (2012). Integrating
biodiversity distribution knowledge: toward a global map of life. Trends
Ecol. Evol., 27, 151–159.
Jetz, W., Cavender-Bares, J., Pavlick, R., Schimel, D., Davis, F.W.,
Asner, G.P. et al. (2016). Monitoring plant functional diversity from
space. Nat. Plants, 2, 16024.
Kattge, J., Dıaz, S., Lavorel, S., Prentice, I.C., Leadley, P., B€
onisch, G.
et al. (2011). TRY - a global database of plant traits. Glob. Chang.
Biol., 17, 2905–2935.
Keil, P., Schweiger, O., K€
uhn, I., Kunin, W.E., Kuussaari, M., Settele, J.
et al. (2012). Patterns of beta diversity in Europe: the role of climate,
land cover and distance across scales: multiscale patterns of beta
diversity in Europe. J. Biogeogr., 39, 1473–1486.
Keil, P., Storch, D. & Jetz, W. (2015). On the decline of biodiversity due
to area loss. Nat. Commun., 6, 8837.
Keller, M., Schimel, D.S., Hargrove, W.W. & Hoffman, F.M. (2008). A
continental strategy for the National Ecological Observatory Network.
Front. Ecol. Environ., 6, 282–284.
Khare, S., Latifi, H. & Ghosh, S.K. (2018). Multi-scale assessment of
invasive plant species diversity using Pleiades 1A, RapidEye and
Landsat-8 data. Geocarto Int., 33, 681–698.
Kogan, F., Goldberg, M., Schott, T. & Guo, W. (2015). Suomi NPP/
VIIRS: improving drought watch, crop loss prediction, and food
security. Int. J. Remote Sens., 36, 5373–5383.
Kokaly, R.F., Asner, G.P., Ollinger, S.V., Martin, M.E. & Wessman,
C.A. (2009). Characterizing canopy biochemistry from imaging
spectroscopy and its application to ecosystem studies. Remote Sens.
Environ., 113, S78–S91.
Korzukhin, M.D., Ter-Mikaelian, M.T. & Wagner, R.G. (1996). Process
versus empirical models: which approach for forest ecosystem
management? Can. J. For. Res., 26, 879–887.
Krizhevsky, A., Sutskever, I. & Hinton, G.E. (2012). ImageNet
classification with deep convolutional neural networks. In: Advances in
Neural Information Processing Systems 25 (eds Pereira, F., Burges,
C.J.C., Bottou, L. & Weinberger, K.Q.). Curran Associates, Inc., Red
Hook, NY, pp. 1097–1105.
Kruse, F.A., Taranik, J.V., Coolbaugh, M., Michaels, J., Littlefield, E.F.,
Calvin, W.M. et al. (2011). Effect of reduced spatial resolution on
mineral mapping using imaging spectrometry—examples using
Hyperspectral Infrared Imager (HyspIRI)-simulated data. Remote
Sens., 3, 1584–1602.

Reviews and Synthesis

Laurance, W.F., Useche, D.C., Rendeiro, J., Kalka, M., Bradshaw,
C.J.A., Sloan, S.P. et al. (2012). Averting biodiversity collapse in
tropical forest protected areas. Nature, 489, 290–294.
Lausch, A., Bannehr, L., Beckmann, M., Boehm, C., Feilhauer, H.,
Hacker, J.M. et al. (2016). Linking Earth Observation and taxonomic,
structural and functional biodiversity: local to ecosystem perspectives.
Ecol. Indic., 70, 317–339.
Lechner, A.M., Langford, W.T., Bekessy, S.A. & Jones, S.D. (2012).
Scale and error in remote sensing: are landscape ecologists addressing
these issues? Landsc. Ecol, 27(9), 1249–1260.
Lee, J.S., Jurkevich, L., Dewaele, P., Wambacq, P. & Oosterlinck, A.
(1994). Speckle filtering of synthetic aperture radar images: a review.
Remote Sens. Rev., 8, 313–340.
Lefsky, M.A., Harding, D.J., Keller, M., Cohen, W.B., Carabajal, C.C.,
Del Bom Espirito-Santo, F. et al. (2005). Estimates of forest canopy
height and aboveground biomass using ICESat. Geophys. Res. Lett.,
32, L22S02.
Legendre, P., Borcard, D. & Peres-Neto, P.R. (2005). Analyzing beta
diversity: partitioning the spatial variation of community composition
data. Ecol. Monogr., 75, 435–450.
Leutner, B.F., Reineking, B., M€
uller, J., Bachmann, M., Beierkuhnlein,
C., Dech, S. et al. (2012). Modelling forest a-diversity and floristic
composition — on the added value of LiDAR plus hyperspectral
remote sensing. Remote Sens., 4, 2818–2845.
Levin, S.A. (1992). The problem of pattern and scale in ecology: the
Robert H. MacArthur award lecture. Ecology, 73, 1943–1967.
Liang, J., Crowther, T.W., Picard, N., Wiser, S., Zhou, M., Alberti, G.
et al.
(2016).
Positive
biodiversity-productivity
relationship
predominant in global forests. Science, 354, aaf8957.
Mac Nally, R., Fleishman, E., Bulluck, L.P. & Betrus, C.J. (2004).
Comparative influence of spatial scale on beta diversity within regional
assemblages of birds and butterflies: spatial scale and beta diversity in
birds and butterflies. J. Biogeogr., 31, 917–929.
Maillard, P., Alencar-Silva, T. & Clausi, D.A. (2008). An evaluation of
Radarsat-1 and ASTER data for mapping veredas (palm swamps).
Sensors, 8, 6055–6076.
Malenovsk
y, Z., Rott, H., Cihlar, J., Schaepman, M.E., Garcıa-Santos,
G., Fernandes, R. et al. (2012). Sentinels for science: potential of
Sentinel-1, -2, and -3 missions for scientific observations of ocean,
cryosphere, and land. Remote Sens. Environ., 120, 91–101.
Martin, M.E., Plourde, L.C., Ollinger, S.V., Smith, M.-L. & McNeil, B.E.
(2008). A generalizable method for remote sensing of canopy nitrogen
across a wide range of forest ecosystems. Remote Sens. Environ., 112,
3511–3519.
Martinez, N.D. (1996). Defining and measuring functional aspects of
biodiversity. Biodiversity, 1, 114–148.
Marvin, D.C. & Asner, G.P. (2016). Spatially explicit analysis of field
inventories for national forest carbon monitoring. Carbon Balance
Manag., 11, 9.
Marvin, D.C., Asner, G.P., Knapp, D.E., Anderson, C.B., Martin, R.E.,
Sinca, F. et al. (2014). Amazonian landscapes and the bias in field
studies of forest structure and biomass. Proc. Natl Acad. Sci. USA,
111, E5224–E5232.
Mascaro, J., Asner, G.P., Davies, S., Dehgan, A. & Saatchi, S. (2014).
These are the days of lasers in the jungle. Carbon Balance Manag., 9, 7.
Matsunaga, T., Yamamoto, S., Kashimura, O., Tachikawa, T., Ogawa,
K., Iwasaki, A. et al. (2011). Operation plan study for Japanese future
hyperspectral mission: HISUI. In: Proc. 34th International Symposium
on Remote Sensing of Environment. Tucson: ISRSE.
Mayor, S.J., Schneider, D.C., Schaefer, J.A. & Mahoney, S.P. (2009).
Habitat selection at multiple scales. Ecoscience, 16, 238–247.
McGarigal, K., Wan, H.Y., Zeller, K.A., Timm, B.C. & Cushman, S.A.
(2016). Multi-scale habitat selection modeling: a review and outlook.
Landsc. Ecol., 31, 1161–1175.
McGill, B.J., Dornelas, M., Gotelli, N.J. & Magurran, A.E. (2015).
Fifteen forms of biodiversity trend in the Anthropocene. Trends Ecol.
Evol., 30, 104–113.

Earth observations and the ecology of scale 13

Mendenhall, C.D., Sekercioglu, C.H., Brenes, F.O., Ehrlich, P.R. &
Daily, G.C. (2011). Predictive model for sustaining biodiversity in
tropical countryside. Proc. Natl Acad. Sci. USA, 108, 16313–16316.
Mendenhall, C.D., Karp, D.S., Meyer, C.F.J., Hadly, E.A. & Daily, G.C.
(2014). Predicting biodiversity change and averting collapse in
agricultural landscapes. Nature, 509, 213–217.
Mendenhall, C.D., Shields-Estrada, A., Krishnaswami, A.J. & Daily,
G.C. (2016). Quantifying and sustaining biodiversity in tropical
agricultural landscapes. Proc. Natl Acad. Sci. USA, 113, 14544–
14551.
Metzger, M.J., Bunce, R.G.H., Jongman, R.H.G., Sayre, R., Trabucco,
A. & Zomer, R. (2013). A high-resolution bioclimate map of the world:
a unifying framework for global biodiversity research and monitoring.
Glob. Ecol. Biogeogr., 22, 630–638.
Morrison, M.L., Marcot, B. & Mannan, W. (2012). Wildlife-Habitat
Relationships: Concepts and Applications. Island Press, Washington, DC.
Nagendra, H., Rocchini, D., Ghate, R., Sharma, B. & Pareeth, S. (2010).
Assessing plant diversity in a dry tropical forest: comparing the utility
of Landsat and Ikonos satellite images. Remote Sens., 2, 478–496.
Nagendra, H., Lucas, R., Honrado, J.P., Jongman, R.H.G., Tarantino,
C., Adamo, M. et al. (2013). Remote sensing for conservation
monitoring: assessing protected areas, habitat extent, habitat condition,
species diversity, and threats. Ecol. Indic, 33, 45–59.
Naidoo, L., Mathieu, R., Main, R., Wessels, K. & Asner, G.P. (2016). Lband Synthetic Aperture Radar imagery performs better than optical
datasets at retrieving woody fractional cover in deciduous, dry
savannahs. Int. J. Appl. Earth Obs. Geoinf., 52, 54–64.
Nekola, J.C. & White, P.S. (1999). The distance decay of similarity in
biogeography and ecology. J. Biogeogr., 26, 867–878.
Nemani, R., Votava, P., Michaelis, A., Melton, F. & Milesi, C. (2011).
Collaborative supercomputing for global change science. Eos Trans.
AGU, 92, 109.
O’Connor, B., Secades, C., Penner, J., Sonnenschein, R., Skidmore, A.,
Burgess, N.D. et al. (2015). Earth observation as a tool for tracking
progress towards the Aichi Biodiversity Targets. Remote Sens. Ecol.
Conserv., 1, 19–28.
Oksanen, J. (1996). Is the humped relationship between species richness
and biomass an artefact due to plot size? J. Ecol., 84, 293–295.
Palmer, M.W. & White, P.S. (1994). Scale dependence and the speciesarea relationship. Am. Nat., 144, 717–740.
Pereira, H.M., Navarro, L.M. & Martins, I.S. (2012). Global biodiversity
change: the bad, the good, and the unknown. Annu. Rev. Environ.
Resour., 37, 25–50.
Pereira, H.M., Ferrier, S., Walters, M., Geller, G.N., Jongman, R.H.G.,
Scholes, R.J. et al. (2013). Ecology. Essential biodiversity variables.
Science, 339, 277–278.
Pettorelli, N., Laurance, W.F., O’Brien, T.G., Wegmann, M., Nagendra,
H. & Turner, W. (2014a). Satellite remote sensing for applied
ecologists: opportunities and challenges. J. Appl. Ecol., 51, 839–848.
Pettorelli, N., Safi, K. & Turner, W. (2014b). Satellite remote sensing,
biodiversity research and conservation of the future. Philos. Trans. R.
Soc. Lond. B Biol. Sci., 369, 20130190.
Pettorelli, N., Owen, H.J.F. & Duncan, C. (2016). How do we want
Satellite Remote Sensing to support biodiversity conservation globally?.
Methods Ecol. Evol., 7, 656–665.
Pohl, C. & Van Genderen, J.L. (1998). Review article Multisensor image
fusion in remote sensing: concepts, methods and applications. Int. J.
Remote Sens., 19, 823–854.
Rocchini, D. (2007). Effects of spatial and spectral resolution in
estimating ecosystem a-diversity by satellite imagery. Remote Sens.
Environ., 111, 423–434.
Rocchini, D., Balkenhol, N., Carter, G.A., Foody, G.M., Gillespie, T.W.,
He, K.S. et al. (2010). Remotely sensed spectral heterogeneity as a
proxy of species diversity: recent advances and open challenges. Ecol.
Inf, 5, 318–329.
Rosenzweig, M.L. (1995). Species Diversity in Space and Time. Cambridge
University Press, Cambridge, UK.

© 2018 John Wiley & Sons Ltd/CNRS

14 C. B. Anderson

Rosenzweig, M.L. & Abramsky, Z. (1993). How are diversity and
productivity related. Species Divers. Ecol. Commun., 1, 52–65.
Roughgarden, J., Running, S.W. & Matson, P.A. (1991). What does
remote sensing do for ecology? Ecology, 72, 1918–1922.
Saatchi, S.S., Houghton, R.A., Dos Santos Alvala, R.C., Soares, J.V. &
Yu, Y. (2007). Distribution of aboveground live biomass in the
Amazon basin. Glob. Chang. Biol., 13, 816–837.
Saatchi, S., Buermann, W., ter Steege, H., Mori, S. & Smith, T.B. (2008).
Modeling distribution of Amazonian tree species and diversity using
remote sensing measurements. Remote Sens. Environ., 112, 2000–2017.
Scholes, R.J., Mace, G.M., Turner, W., Geller, G.N., Jurgens, N.,
Larigauderie, A. et al. (2008). Ecology. Toward a global biodiversity
observing system. Science, 321, 1044–1045.
Scholes, R.J., Walters, M., Turak, E., Saarenmaa, H., Heip, C.H.R.,
 et al. (2012). Building a global observing system for
 O.
Tuama, E.
biodiversity. Curr. Opin. Environ. Sustainability, 4, 139–146.
Schulte to B€
uhne, H. & Pettorelli, N. (2018). Better together: integrating
and fusing multispectral and radar satellite imagery to inform
biodiversity monitoring, ecological research and conservation science.
Methods Ecol. Evol., 9, 849–865.
Seo, C., Thorne, J.H., Hannah, L. & Thuiller, W. (2009). Scale effects in
species distribution models: implications for conservation planning
under climate change. Biol. Lett., 5, 39–43.
Serbin, S.P., Singh, A., McNeil, B.E., Kingdon, C.C. & Townsend, P.A.
(2014). Spectroscopic determination of leaf morphological and
biochemical traits for northern temperate and boreal tree species. Ecol.
Appl., 24, 1651–1669.
Sexton, J.O., Song, X.-P., Feng, M., Noojipady, P., Anand, A., Huang,
C. et al. (2013). Global, 30-m resolution continuous fields of tree cover:
Landsat-based rescaling of MODIS vegetation continuous fields with
lidar-based estimates of error. Int. J. Digit. Earth, 6, 427–448.
Shimada, M., Itoh, T., Motooka, T., Watanabe, M., Shiraishi, T., Thapa,
R. et al. (2014). New global forest/non-forest maps from ALOS
PALSAR data (2007–2010). Remote Sens. Environ., 155, 13–31.
Shipley, B., Vile, D. & Garnier, E. (2006). From plant traits to plant
communities: a statistical mechanistic approach to biodiversity. Science,
314, 812–814.
Sims, D.A. & Gamon, J.A. (2002). Relationships between leaf pigment
content and spectral reflectance across a wide range of species, leaf
structures and developmental stages. Remote Sens. Environ., 81, 337–354.
Soberon, J. & Peterson, A.T. (2005). Interpretation of models of
fundamental ecological niches and species’ distributional areas.
Biodivers. Inf., 2, 1–10.
Stuffler, T., Kaufmann, C., Hofer, S., F€
orster, K.P., Schreier, G.,
Mueller, A. et al. (2007). The EnMAP hyperspectral imager—An
advanced optical payload for future applications in Earth observation
programmes. Acta Astronaut., 61, 115–120.
Taylor, P., Asner, G., Dahlin, K., Anderson, C., Knapp, D., Martin, R.
et al. (2015). Landscape-scale controls on aboveground forest carbon
stocks on the Osa Peninsula, Costa Rica. PLoS ONE, 10, e0126748.
Thuiller, W., Lafourcade, B., Engler, R. & Ara
ujo, M.B. (2009).
BIOMOD – a platform for ensemble forecasting of species
distributions. Ecography, 32, 369–373.
Thuiller, W., Pollock, L.J., Gueguen, M. & M€
unkem€
uller, T. (2015).
From species distributions to meta-communities. Ecol. Lett., 18, 1321–
1328.

© 2018 John Wiley & Sons Ltd/CNRS

Reviews and Synthesis

Turner, W. (2014). Conservation. Sensing biodiversity. Science, 346, 301–
302.
Turner, W., Spector, S., Gardiner, N., Fladeland, M., Sterling, E. &
Steininger, M. (2003). Remote sensing for biodiversity science and
conservation. Trends Ecol. Evol., 18, 306–314.
Vellend, M., Baeten, L., Myers-Smith, I.H., Elmendorf, S.C., Beausejour,
R., Brown, C.D. et al. (2013). Global meta-analysis reveals no net
change in local-scale plant biodiversity over time. Proc. Natl Acad. Sci.
USA, 110, 19456–19459.
Walker, W.S., Stickler, C.M., Kellndorfer, J.M., Kirsch, K.M. &
Nepstad, D.C. (2010). Large-area classification and mapping of forest
and land cover in the Brazilian Amazon: a comparative analysis of
ALOS/PALSAR and Landsat data sources. IEEE J. Select. Topics
Appl. Earth Obs. Remote Sens., 3, 594–604.
Wang, K., Franklin, S.E., Guo, X. & Cattet, M. (2010). Remote sensing
of ecology, biodiversity and conservation: a review from the perspective
of remote sensing specialists. Sensors, 10, 9647–9667.
Wang, S.D., Miao, L.L. & Peng, G.X. (2012). An improved algorithm for
forest fire detection using HJ data. Procedia Environ. Sci., 13, 140–150.
Waring, R.H. & Running, S.W. (2010). Forest Ecosystems: Analysis at
Multiple Scales. Elsevier, Amsterdam, Netherlands.
Whittaker, R.J., Willis, K.J. & Field, R. (2001). Scale and species
richness: towards a general, hierarchical theory of species diversity:
towards a general theory of diversity. J. Biogeogr., 28, 453–470.
Wiens, J.A. (1989). Spatial scaling in ecology. Funct. Ecol., 3, 385–397.
Withers, M.A. & Meentemeyer, V. (1999). Concepts of scale in landscape
ecology. In: Landscape Ecological Analysis: Issues and Applications. (eds
Klopatek, J.M., Gardner, R.H.). Springer, New York, NY, pp. 205–
252.
Yao, W., vanLeeuwen, M., Romanczyk, P., Kelbe, D. & van Aardt, J.
(2015). Assessing the impact of sub-pixel vegetation structure on
imaging spectroscopy via simulation. In: Algorithms and Technologies
for Multispectral, Hyperspectral, and Ultraspectral Imagery XXI.
Presented at the Algorithms and Technologies for Multispectral,
Hyperspectral, and Ultraspectral Imagery XXI, International Society
for Optics and Photonics, p. 94721K.
Yu, Q., Gong, P., Clinton, N., Biging, G., Kelly, M. & Schirokauer, D.
(2006). Object-based detailed vegetation classification with airborne
high spatial resolution remote sensing imagery. Photogramm. Eng.
Remote Sensing, 72, 799–811.
Zhu, Z., Woodcock, C.E. & Olofsson, P. (2012). Continuous monitoring
of forest disturbance using all available Landsat imagery. Remote Sens.
Environ., 122, 75–91.

SUPPORTING INFORMATION

Additional supporting information may be found online in
the Supporting Information section at the end of the article.

Editor, Nick Haddad
Manuscript received 5 March 2018
First decision made 21 April 2018
Manuscript accepted 7 June 2018

