
Abstract Biodiversity monitoring is an almost inconceivable challenge at the scale of the entire Earth. 
The current (and soon to be flown) generation of spaceborne and airborne optical sensors (i.e., imaging 
spectrometers) can collect detailed information at unprecedented spatial, temporal, and spectral resolutions. 
These new data streams are preceded by a revolution in modeling and analytics that can utilize the richness 
of these datasets to measure a wide range of plant traits, community composition, and ecosystem functions. 
At the heart of this framework for monitoring plant biodiversity is the idea of remotely identifying species by 
making use of the ‘spectral species’ concept. In theory, the spectral species concept can be defined as a species 
characterized by a unique spectral signature and thus remotely detectable within pixel units of a spectral image. 
In reality, depending on spatial resolution, pixels may contain several species which renders species-specific 
assignment of spectral information more challenging. The aim of this paper is to review the spectral species 
concept and relate it to underlying ecological principles, while also discussing the complexities, challenges and 
opportunities to apply this concept given current and future scientific advances in remote sensing.

Plain Language Summary Biodiversity monitoring based on field data is almost inconceivable 
at the scale of the entire Earth. Over the past decades, remote sensing has opened possibilities for Earth 
observation from air and space, allowing us to monitor ecological change, primarily expressed by changes in 
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1. Background
Rapid environmental changes are occurring across the globe at small to large spatial extents due to the combined 
effects of climate change, land-use changes, and biological invasions (Kreft & Jetz, 2007). Therefore, there is an 
urgent pressing demand for operational biodiversity monitoring systems that will improve our understanding of 
the repercussions of these drivers of changes on ecosystem functioning and lead to better ecosystem management 
(Skidmore et  al.,  2021). New approaches are required to obtain timely biodiversity data that are consistently 
and routinely measured across the Earth surface. Some of these needs are fulfilled by remote sensing informa-
tion (Schweiger & Laliberté, 2022). Over the past decades, remote sensing has opened possibilities for Earth 
observation from air and space, allowing us to monitor ecological change, primarily expressed by changes in 
vegetation cover, distribution, and functioning, which can be subsequently linked to drivers of change in space 
and time, from local to global scale (Asner et al., 2017; Skidmore et al., 2015). Recent technological advances in 
remote sensing data acquisition and processing now open new perspectives for monitoring changes in biodiver-
sity at unprecedented details over large geographic areas, and ultimately over the entire Earth (Luque et al., 2018; 
Randin et al., 2020). Furthermore, missions like the Surface Biology and Geology (SBG) by NASA (https://sbg.
jpl.nasa.gov/, Cawse-Nicholson et al., 2021) have been implemented to support the development of algorithms 
for exploiting spaceborne remotely sensed data and providing a relatively fast but accurate estimate of ecological 
properties in vast areas over time.

Spaceborne and airborne passive optical sensors relying on imaging spectroscopy (i.e., spectral remote sensing 
including multispectral and hyperspectral imaging) are a good example of the recent remote-sensing revolu-
tion in ecology (Kwok, 2018). By measuring information from most of the electromagnetic spectrum opera-
ble for Earth observation, imaging spectroscopy has demonstrated significant capabilities to detect and monitor 
the spatial distribution of plant communities, species, and traits (Asner & Martin, 2008; Schaaf et  al.,  2013; 
Schweiger et al., 2017; Skowronek et al., 2017). The pixel reflectance in an optical image results from the inte-
gration of multiple interactions between light and matter, including vegetation and the surrounding environment 
(soil, atmosphere). Intrinsic properties of vegetation influencing this remotely sensed information correspond 
to biophysical and biochemical properties (i.e., traits) of leaves and the canopy that can be related to levels of 
ecological organizations such as ecosystems, communities, species, and potentially to the intraspecific trait of 
plant genotypes (Blonder et al., 2020; Madritch et al., 2014; Pollock et al., 2020). Spectroscopy has long been used 
to capture the characteristic absorption features of biochemical compounds of plants, which biologically corre-
sponds to the phenotypic expression of some of the genes that describe individuals belonging to a given species 
(e.g., Jacquemoud & Ustin, 2019). These biochemical traits and their dynamics are linked to functional traits, 
opening access to the monitoring of ecosystem functions, processes, and services. Besides, imaging spectros-
copy has already demonstrated capabilities for species discrimination in various types of ecosystems (Fassnacht 
et al., 2016; Féret & Asner, 2014; Skowronek et al., 2017). At the sub-organism level, biochemical properties 
estimated from observations at leaf and canopy scales (Baret et al., 1994; Kokaly et al., 2009; Ollinger, 2011; 
Serbin et al., 2012) are described in commonly used radiative transfer models (Féret et al., 2008; Jacquemoud 
et al., 1996; Torresani et al., 2021). The fine spectral resolution and spectral sampling interval on imaging spec-
trometers provide information to quantify key biochemical properties of vegetation such as leaf pigment (e.g., 
chlorophylls, carotenoids, anthocyanins), water, cellulose, lignin, nitrogen, phosphorous, and protein contents 
based on their specific light absorption characteristics (Ewald et al., 2018).

The link between biochemical properties, functional attributes (morphological, physiological, and phenological 
traits), and taxonomic information is often implicitly assumed when performing spectroscopic analysis for biodi-
versity monitoring. Recently, the spectral species concept—an algorithm that clusters pixels from spectral images 
with a similar spectral signal (referred to as ‘spectral species’)—has brought attention (Féret & Asner, 2014; 
Rocchini et  al.,  2021b). However, in reality, the automatic detection of pixel units sharing a similar spectral 
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signature in a remotely-sensed spectral image does not necessarily match with the actual distribution pattern of a 
given species but may rather reflect the spatial distribution pattern of a group of species sharing similar biochem-
ical properties (Woodcock & Strahler, 1987).

The capacity to identify species is often explained by similarities in spectral signatures between individuals of the 
same species, and dissimilarities in spectral signatures between individuals of different species. There is no taxo-
nomic marker in spectroscopy, but individuals of the same species are characterized by a limited set of biophysi-
cal and biochemical properties, allowing differentiation from individuals from other species. Despite significant 
scientific advances, development of automated retrievals of plant biochemistry, traits, and species identification 
from satellites across the globe and over time remains aspirational and more work is needed to accomplish this 
goal, especially for devising global monitoring of biodiversity change. Here, we aim at introducing the ecological 
functioning principles of the spectral species concept and refining its definition by a better linkage with field 
observations of plant species distribution data (i.e., presence-absence data) available from vegetation surveys. 
Finally, we will deeply face complexities, challenges, and opportunities associated with the use of this concept 
for remotely-sensed biodiversity monitoring, including species richness and evenness (alpha-diversity) as well as 
composition turnover (beta-diversity).

1.1. A Constellation of Optical Sensors to Explore the Spectral Domain of the Earth Surface

The current generation of Earth observing spaceborne and airborne sensors acquires highly-resolved images over 
a wide range of wavelengths in the solar (optical) and microwave domains of the electromagnetic spectrum (Ustin 
& Middleton, 2021). The information measured by optical sensors operating in the visible (380–750 nm) and 
near to shortwave infrared (750–2,500 nm) regions largely corresponds to the region of solar reflectance from the 
Earth's surface, and are acquired for each individual pixel in an image. Image acquisition can occur at fine tempo-
ral resolutions of days to weeks and in a few cases even at multiple revisits during the day, but data availability 
and quality are strongly dependent on atmospheric conditions. Optical remote sensing systems include those 
that measure a few discrete spectral bands (multispectral imaging), such as: (a) the Thematic Mapper on USGS 
Landsat; (b) MERIS (Medium Resolution Imaging Spectrometer) on the ESA Envisat; (c) MODIS (Moderate 
Resolution Imaging Spectrometer) on the NASA Terra and Aqua platforms; and more recently (d) the Sentinel-2 
satellites of the ESA Copernicus program. These instruments provide open access data describing the Earth 
surface at frequent intervals and are complemented by commercial satellites that have high spatial resolution like 
IKONOS, SPOT, Quickbird, WorldView, and more recently the Planet constellation.

Some spaceborne sensors provide enhanced spectral capabilities and measure surface reflectance over hundreds 
of narrow contiguous spectral bands covering the solar radiation spectrum. These hyperspectral satellites are 
also called imaging spectrometers. The term hyperspectral emphasizes instruments measuring a large number 
of spectral bands while imaging spectrometer refers to the type of instrument used, that is, a spectrometer that 
measures bands across a spectral wavelength interval (spectrum) and produces a 2D array of pixels and spectra. 
Hyperspectral satellites have demonstrated strong potential for characterizing the chemical and physical structure 
of the Earth surface, with applications in mineralogy, soil sciences, and vegetation sciences (Plaza et al., 2009). 
Such images reveal details that improve estimates of key vegetation properties and better discriminate between 
vegetation types, species, or even between genotypes of a given species when the spatial and spectral resolutions 
are sufficient to match individuals (Blonder et al., 2020; Madritch et al., 2014). Several satellites hosting imaging 
spectrometers were recently launched, and a multitude of satellite missions are in preparation (see the review 
paper by Ustin & Middleton, 2021). These include DESIS, EMIT and HISUI on the International Space Station 
(ISS), the free flying platforms PRISMA and EnMAP (expected launch in 2022), along with NASA's and ESA's 
global monitoring imaging spectrometer missions SBG and CHIME (expected launches in the late 2020s).

1.2. Remote Sensing Tools for Monitoring Biodiversity

Species identification from the measurement of the absorptive and reflective characteristics of plants is based 
on the hypothesis that individuals from the same species share similar biochemical properties, leading to similar 
spectral characteristics measured at the pixel scale. However, individuals from the same species may also share 
similar biochemical properties with individuals from another species which may limit our ability to assign a 
given spectral signature to a given species. Besides, one needs to also consider phenological patterns, since 
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remote sensing data is generally only acquired during specific periods of time (e.g., seasonal, in case of airborne 
data), or under specific conditions (e.g., health status), or with specific sensor information (e.g., spatial, spec-
tral, and radiometric resolutions across all wavelengths), all of which may complicate species identification or 
discrimination. Thus, there are several challenges to identifying a taxonomically identified species with a unique 
spectral signature. Previous research has shown that minor shifts in plant development induced by the environ-
ment and its interaction with different plant genotypes (i.e., phenotypic variability) may result in co-location 
between vegetative, flowering, fruiting, or senescent stages, each of which expresses different biophysical and 
biochemical properties. Hence, multiple spectral signatures corresponding to multiple biochemical traits may 
exist for the same species. Although adding complexity, these problems have solutions. For example, fast growing 
annual species and facultative annuals, like the invasive Water Hyacinth (Eichhornia crassipes), are often found 
in different growth stages and detection requires several spectral signatures to account for the different growth 
stages that are later combined for mapping the focal species of concern (Khanna et al., 2011). Further, spectral 
discrimination among species is difficult, for example, when several species in an ecosystem may share a suite of 
traits (i.e., strong overlap in the trait space) due to climate constraints and environmental filtering. This happens 
when trait combinations make individual species phenotypically similar (e.g., grass species in grassland habitats, 
as shown in diversity studies by Gholizadeh et al., 2019, 2020), or when different combinations of traits result in 
similar spectral signatures (Kokaly et al., 2009; Ollinger, 2011). Additional empirical evidence is thus necessary 
to contextualize and resolve these questions (Andrew & Ustin, 2008), such as the data provided by field data 
collections, experimental studies, and modeling, to achieve full ecological understanding of information from the 
satellite data to monitor biodiversity.

1.3. From Optical Types to the Spectral Species Concept

Just as traditional biodiversity theory focuses on differences between individuals to assign individuals to different 
species in order to assess species richness, diversity measured with imaging spectrometer data from spaceborne 
and airborne optical sensors is based on pixels, each with its own spectral information (i.e., reflectance) (Rocchini 
et al., 2021a). The term spectral signature is more specific than spectral information and usually applied to a 
specific type of surface (soil, vegetation, water), to a specific material (i.e., traits like chlorophyll concentration), 
or to a specific level of biological organization (genotype, population, species, stand, community, ecosystem). 
Spectral diversity corresponds to the spatial variation of spectral information: it is tightly related to the notion 
of (multivariate) variation among species traits (Rocchini et al., 2018) which is the basis of functional diversity 
in classical ecological theory. In other terms, spectral diversity reflects—at least to a large extent—diversity in 
community functioning based on the assortment of functional traits in the community, irrespective of the species/
individuals that possess these traits (Matson et al., 2005; Petchey et al., 2002). Therefore, spectral diversity is 
conceptually closer to the notion of functional diversity than to the concept of species or taxonomic diversity. 
For this reason, it is important to keep in mind that the spectral signature of a given pixel unit in a spectral image 
cannot directly be assigned to a given individual belonging to a specific taxonomic entity (i.e., the spectral 
species concept). First of all, the pixel size of the image may not match with an actual individual in the field but 
may  contain several individuals belonging to the same species (i.e., a population) or several individuals belong-
ing to different species (i.e., a community) such that the same species could be involved in different spectral 
signatures or ‘optical types’ (Figure 1). Additionally, the same suite of biochemical traits (e.g., foliar nutrient 
contents) may show extremely high spectral variability depending on the health status of the focal plant species 
such that different optical types could be assigned to the same species depending on its status: healthy versus 
stressed (Figure 1, panels f,g,h). Hence, prior to defining the spectral species concept, one needs to identify the 
different optical types occurring within a given spectral image and then assess how each optical type overlaps 
with the concept of taxonomic species so that one can assign an optical type to a specific species (i.e., the spectral 
species concept) or a group of species. To confirm that the spatial distribution pattern of pixels sharing a similar 
spectral signature (i.e., an optical type) can be directly assigned to the spatial distribution pattern of individu-
als from a single species (i.e., the spectral species), one needs ground-truth data on species distribution (i.e., 
presence-absence data from vegetation surveys) from within the spectral image.

Depending on pixel size and size of individuals, pixels can cover multiple individuals or parts of an individual, or 
stands of one species or mixed stands (Figure 1). In forests, where the spectral species concept was born, a match 
between spectral and biological species was furthered by the fact that pixels have a higher chance to belong to 
one species alone (Figure 1, panels a to e, with small pixel size). This does not apply to all situations. Grassland 
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communities, for example, pose a greater challenge because pixels regularly contain several species and optical 
types can at best be linked to entire communities (Figure 1, panels f to h with any pixel size). These, however, are 
even less clearly delimited objects than species.

1.4. Spectral Species Translating Spatial Distributions of Optical Types Into Diversity Metrics

Various analytical approaches have been developed to take advantage of the spectral information in the opti-
cal domain and investigate different dimensions of biodiversity (see the review paper by Rocchini et al., 2018). 
These approaches have demonstrated that it is possible to map and understand functional and taxonomic diversity 
through space and time, achieved through methodological approaches that differ in their focus, either statistical 
or process-based. They include data transformation (Rocchini et al., 2017), feature selection and dimensionality 
reduction (Feilhauer et al., 2011, 2017), and machine learning techniques (Kitzes et al., 2021).

The number of plant optical types proposed by Ustin and Gamon (2010) is consistent with the Spectral Varia-
tion Hypothesis (SVH) (Palmer et al., 2002; Rocchini et al., 2010) which states that ecosystem heterogeneity is 
associated with high spectral variability. In other words, increased environmental heterogeneity provides more 
niches for species to co-occur in geographical space with an expected increase in local species richness (Palmer 
et al., 2002). For optical types, we therefore expect greater diversity where greater spatial environmental hetero-
geneity occurs.

Spectral species—that is, the number of spectrally distinct classes that approximate species—are based on the 
hypothesis that proper processing of images allows discrimination among species, groups of species, or functional 
groups. Spectral species aim to discretize remotely-sensed information into groups of pixels through unsupervised 
clustering. The notion of spectral species was successfully applied for mapping tropical biodiversity using airborne 

Figure 1. Some potential scenarios that can happen in optical remote sensing of vegetation canopies. The graph shows sources of variation in the relationship between 
species and optical types. Plants of different species might belong to different optical types, but many other situations can also be found. Optical types can be related 
to information of interest (e.g., species or plant traits) or to irrelevant pattern (e.g., shadows, depending on the research question). Scenario (a) represents a stand with 
individuals of only one single species, with a similar reflectance. In scenario (b) individuals of two species have a similar reflectance; hence they would be grouped 
in the same spectral species. This is further complicated once mixing individuals belonging to the same taxon but to different optical types (c) or individuals of 
multiple species belonging to different optical types that do not follow the species boundaries (d). What many would hope for is that plants of different species belong 
to different optical types, which may happen (e). Finally, the same plant individual can consist of different optical types showing different spectral properties in for 
example, young versus old leaves, shadow and light, or differences in health conditions. This intra-individual mixing property will be related to all of the previous cases 
(f)–(h). Note that a stand or individual can pass through several of these scenarios in time (intra and interannual variability).
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high spatial resolution imaging spectroscopy (Féret & Asner, 2014), under the assumption that the majority of 
pixels did not contain plant mixtures and that individual pixels could be assigned to a species, given that spec-
tral variance among pixels meet statistical criteria and that the average tree crown size approximates the pixel 
size. Underwood et al. (2003, 2007) and Thorp et al. (2013) evaluated information content for species mapping 
from different spatial and spectral resolutions, concluding that high spectral resolution contributed substantially 
more information for species mapping than higher spatial resolution. Hence, spectral species and optical types are 
conceptually equivalent in their purpose to discriminate among optical entities acquired from an image, but the 
appropriateness of the terminology may vary with the type of ecosystem and spatial resolution of the sensor.

A spectral species is then a set of pixels having similar spectral properties that can be used as a proxy for ecolog-
ically relevant taxonomic or functional groups, and eventually inventoried to calculate biodiversity metrics like 
alpha-diversity (e.g., Shannon's H, Simpson's D, Rényi's H) and beta-diversity (e.g., Bray-Curtis dissimilarity or 
Rao's quadratic entropy) across a landscape (Box 1). Clustering approaches similar to the spectral species frame-
work have been successfully used to map plant species diversity over very different habitats and geographical 
regions: from African savannas (Baldeck et al., 2014) to grasslands in the Platte River ecosystem near Wood 
River, Nebraska, USA (Gholizadeh et al., 2020), and from the Peruvian Andes-Amazon tropical forests (Féret & 
Asner, 2014) to old-growth, secondary, and artificial forests of the Shennongjia National Forest Natural Reserve 
in China (Zhao et al., 2018).

Spectral species combined with functional trait estimation contribute to biodiversity understanding by character-
izing the morphological (canopy architecture, gap fraction, etc.) and functional traits, that define the functional 
role of a species in an ecosystem, for example, carbon-capture strategies by resource acquisition or resource 
conservation strategies (like drought responses), that then provide a basis to connect spectral species with the 
taxonomic species that exhibit these trait assemblages. Therefore, spectral species provide a basis to connect with 
biological species and eventually explore spatial distribution of trait assemblages, their evolution in time, and 
their linkages to environmental or human factors.

Box 1. The Spectral Species Algorithm at Work
The spectral species concept is grounded in an algorithm which is now readily available under a free and 
open source R package in GitHub (https://github.com/jbferet/biodivMapR) named biodivMapR (Féret 
& De Boissieu, 2020), which is able to produce α- and β-diversity maps starting from the detection of 
spectral species based on the optical properties of vegetation in the field.

Starting from a multi- or hyper-spectral image, a spectral transformation like a Principal Component 
Analysis (PCA) is performed to reduce the dimensionality for further calculations (Figure 2). Based on 
those principal components explaining most of the variance, k-means clustering is applied to a random 
set of pixels in order to detect group of pixel with the same spectral reflectance, possibly related to 
single groups of individuals/canopies in the field that are sharing similar traits and thus that are likely to 
be phylogenetically related (spectral species concept). The detection of spectral species is applied back-
ward to the whole map defining a membership probability of each pixel to a certain spectral species, as 
based on its spectral euclidean distance from the centroid of the previously defined clusters. A single 
final spectral species map can be attained by using the maximum probability for each pixel to attain 
to a certain spectral species. The spectral species map is further divided into elementary spatial units 
with a higher pixel dimension (hereafter simply units), in which calculation of α- and β-diversity can 
be performed, leading to crucial information on both local diversity and turnover. In order to attain 
α-diversity, Shannon's H’ is calculated for each unit, while for β-diversity  calculation, Bray-Curtis 
dissimilarity is considered among all the possible pairs of units. The α-diversity map can be shown by 
directly taking into account Shannon's H’ for each unit and reporting it in a final resampled map. Rather, 
the β-diversity map needs a further step to pass from a spectral distance matrix (see Rocchini, 2007) to 
a 2D spatial representation, namely the application of Non metric Multidimensional Scaling (NMDS), 
by deciding the final number of reduced dimensions (in this case three in order to compose an RGB 
image). The final result will be a unitless β-diversity map in which different colors represent differences 
between communities in space.

https://github.com/jbferet/biodivMapR
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2. Complexities and Challenges
Many of the uncertainties of the spectral species concept apply generally to remotely sensed classified images, 
which we will not review in detail because they are extensively addressed elsewhere (e.g., Kun et al., 2011; Lu & 
Weng, 2005; Rocchini & Ricotta, 2007). The spectral species method of identifying spectral species with distinc-
tive traits facilitates identification of rare species that occupy few pixels in an image. Rare and endemic plants by 
definition do not grow in large colonies of many individuals and generally have restricted distributions. But they 
are of importance to biodiversity mapping because there are far more rare species than frequent species and they 
are often concentrated in areas of high biodiversity, especially in hotspots (Griggs, 1940; Medail & Quezel, 1997; 
Ricotta et al., 2010). In terms of biodiversity they may represent species with unique morphological features and 
genetic richness (Joppa et al., 2011; Myers et al., 2000). Other aspects of uncertainty around the operationalization 
of the spectral species concept are similar to many problems encountered in vegetation classification systems, 
such as whether rare species are retained in the classified data, whether the classes are realistic in terms of field 
measured data, and how well the method deals with mixed pixels (multispecies pixels, species with multiple 
phenotypes).

Figure 2. Box 1 Figure - The spectral species algorithm phases. The original image was acquired with the CAO AToMS imaging spectrometer during an airborne 
campaign over the CICRA experimental site (Amazonian Peru) (https://www.amazonconservation.org/about/mission-vision/cicra-station/). The first image (a) 
corresponds to the RGB representation of an imaging spectroscopy subset. A standardized PCA is applied on (a) and a reduced set of components is selected (b) 
to maximize signal corresponding to biological patterns on forested areas and discard noisy components. Spectral species are defined for each pixel by applying an 
unsupervised k-means clustering on the spectral space defined by selected components (c). In this phase, a field survey recognition based on in situ data is crucial to 
define the number of singular spectral signatures (spectral species) expected. The spectral species map is divided into elementary spatial units and the spectral species 
inventory is performed for each spatial unit, by further calculating Shannon's H and Bray-Curtis metrics to derive (d) alpha- (ranging here from minima to maxima from 
black to blue, green and red) and (e) beta-diversity (in which colors represent differences among spectral species) maps, respectively.

https://www.amazonconservation.org/about/mission-vision/cicra-station/
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2.1. Spatiotemporal Mismatches

Some of the complications that can make the spectral species concept difficult to handle are shown in the afore-
mentioned Figure 1, where differences in reflection do not necessarily adhere to species boundaries. In fact, 
several factors determine whether the spectral species concept predicts the current number of species in the area 
under study. First, more fundamentally it depends on how the taxonomic species are determined, for example, 
whether related taxa are characterized by ‘splitting’ or ‘lumping’ criteria, leading to more or fewer species. There 
are also cases of cryptic diversity, that is, species that are not morphologically or phenotypically distinct, but 
having a distinct genetic make-up. Thus, the actual number of detected species approximates the true number. 
Second, even if species are clearly assigned, the spectral species concept requires the measurement of optically 
active traits, which may not be the traits that differentiate species, or—because of trade-offs (based on the species 
functional strategy) or selective pressures (resulting from competition, human use, and other types of ecological 
interactions)—they may not be expressed at the time of measurement. Third, community composition and abun-
dance interact with what is detectable—as the sensor primarily measures top of canopy dominant species, which 
may identify important ecosystem functions but miss much of the diversity.

The spectral species concept, as with most remotely sensed measures, is dependent on the temporal dimension 
to which it is applied. For instance, measuring the phenological differences among co-occurring plant species 
throughout the season would improve species detection. Including seasonal changes in the analysis may improve 
detection of understory species when the deciduous overstory is dormant. Multitemporal datasets can form 
multi-seasonal spectral signatures to account for seasonal changes in a species (e.g., Somers & Asner, 2014) 
and multitemporal spectral libraries are under development (Dudley et al., 2015). The spectral species concept 
has shown consistency in identifying taxonomic species and traits from other taxonomic species and their traits. 
Detecting species in mixed pixels depends on the sensor traits listed above and the magnitude of the differences 
among the spectral signatures of the species in the pixel. Species with different functional strategies that are 
distinguishable in optically active traits will be easier to identify than species with more similar trait assemblies, 
but which are not optically active. Differences in traits due to leaf types (evergreen or deciduous, needle leaf, or 
broadleaf) create considerable differences in leaf reflectance and timing the date of data acquisition to maximize 
phenological differences generally always improves the ability to detect sub pixel species. The spectral species 
concept has yet to be widely tested over the global range of ecosystems and environmental conditions so there is 
a need to determine its performance and limitations at these scales.

2.2. Ecological Issues Behind Spectral Species

The spectral species concept was initially developed to allow computation of diversity indices usually computed 
from species inventories, but with pixels used instead of species. It did not intend to directly estimate ‘abso-
lute’ species richness from the spectral clustering, but rather hypothesized that relative species richness and 
higher-level diversity indices integrating richness and abundance or dissimilarity over space, could be estimated 
and compared within a limited spatial extent corresponding to an airborne imaging spectroscopy acquisition. 
Even in a very unlikely situation of perfect spectral discrimination among species in a remotely sensed acqui-
sition, the predicted number of species may be smaller than the actual species count due to problems related to 
the potential similarity of traits among multiple species, especially when the growth forms and phenology are 
similar. The predicted number of species may also be higher than the actual species count if individuals from the 
same species show phenological shifts. The naming of spectral classes requires matching the taxonomic species 
information with the spectral information. If the taxonomic naming was based on extreme clumping of groups 
into fewer taxa or the splitting of taxa into increased number of taxa, the predicted spectral species may differ 
from the number of biological taxa identified at a site. Perhaps knowledge of the predicted number of spectral 
species might result in rethinking the criteria for recognition and taxonomic revisions, or similarly knowledge of 
the species may require rethinking of how spectroscopy data were analyzed.

While ecological communities have a variety of either dominant, co-dominant, and rare species, the latter contrib-
ute a lot to the highest diversity measurable on Earth. This is a problem for remote sensing approaches based on 
clustering, as these algorithms often delete clusters with just a few data points (minimum class size or minimum/
maximum number of classes may be selected in the setup), thus there is a tendency to lose rare and endemic 
species likely fundamental for biological diversity and ecosystem functions. A ‘continuous surface’ analytical 
method that directly addresses this problem is the widely used ‘Multiple Endmember Mixture Model’ (MESMA, 
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Roberts et al., 1998), which models each pixel from a range of ‘endmembers’ (also referred to as ‘pure spectra’) 
identified statistically from the convex hull of the data hypervolume. The model can retain classes with small 
numbers of endmembers depending on user criteria but may have the difficulty in assigning class labels when 
the variation is continuous (e.g., across a natural continuum or from one habitat type to another, Schmidtlein 
et al., 2007).

Environmental heterogeneity may also affect the accuracy of the spectral species methodology (Schmidtlein & 
Fassnacht, 2017). Disturbances may increase or decrease biodiversity, with a net zero effect on heterogeneity. 
There are several examples (e.g., forest gap openings, fire spread, and urban development) that can increase 
heterogeneity without an increase overall biological diversity. Spectral species should detect these changes as 
differences in the assemblage and range of traits being measured, although there is uncertainty about the least 
detectable magnitude of change. Therefore, we expect remotely sensed spectral species to provide a first-order 
exploratory tool to, at least detect areas that are suspected of hosting a high number of species or, alternatively, 
identify areas that should host larger numbers of species (based on independent criteria) but don't. From this 
point of view, in situ data would greatly improve the classification, validate its accuracy, and provide a basis to 
investigate and identify sites that do not match a priori expectations (Foody et al., 2016).

The R package (biodivMapR) dedicated to applications of the spectral species algorithm (Féret and de Bois-
sieu, 2020) on raster data requires the number of spectral species be defined by the user. The method is not 
intended to estimate the absolute number of species from remote sensing, as this problem is highly scale and 
context dependent as explained earlier. The definition of the optimal number of clusters in a dataset is a specific 
problem that the spectral species framework was also not intended to solve. Adding a method to determine the 
number of clusters corresponding to species richness over a full dataset would definitely contribute to the gener-
alization of the spectral species framework over various ecosystems. The number of species included in a remote 
sensing acquisition is not generally known a priori for most of the Earth's ecosystems. However, there are statis-
tical approaches to estimate the number with enough accuracy that realistic values could be produced (Chang 
& Du, 2004; Gholizadeh et al., 2020), as well as deeply rooted ecological principles based on species dispersal, 
biogeography, landscape ecology (Rocchini et al., 2021b).

There are questions on whether this method will continue to be successful at the spatial scales of satellites, where 
multiple species within pixels cause spectral mixing, and under conditions of sparse vegetation where mixed 
pixels can include plants, soils, plant litter, geological minerals, water, ice, and man-made materials. This will be 
resolved with the use and applications of the new generation of hyperspectral satellites. The various spaceborne 
imaging spectrometers (see the review paper by Ustin & Middleton, 2021) that are available now (DESIS, EMIT, 
EnMAP, HISUI, PRISMA) or in the next few years (e.g., CHARM, SBG) all have 30 m pixels. These imaging 
spectrometers will provide ample opportunities to examine how well the spectral species concept scales up and 
across ecosystems.

In addition to passive optical sensors, reviewed in this manuscript, LiDAR and radar active sensors might comple-
ment observations with the capacity to penetrate the uppermost layer of vegetation and provide information on 
canopy structure, while being less sensitive to atmospheric perturbations than passive optical sensors, Asner 
et al., 2008; Bergen et al., 2009; Lenoir et al., 2022; Mulatu et al., 2019; Simonson et al., 2012; Zhao et al., 2018). 
For instance, the GEDI LiDAR mission on the ISS is measuring at high vertical and spatial resolutions the 
distribution and height of global woody vegetation to provide structural information, including understory data, 
for biodiversity estimates. Besides, the NISAR and Biomass radar missions (launches in 2023) will monitor 
global patterns of biomass, disturbances, and impacts on biodiversity. Together, advances in the spatial, spectral, 
and temporal dimensions of imagery offer immense data streams that can be harnessed to better understand the 
processes of biological functioning, and to systematically map and monitor ecosystem changes from local to 
regional to global scale.

3. Outlook
In this manuscript we focused on the need to model biodiversity from hyperspectral remote sensing and field 
data to calibrate such models. A huge amount of field (free) data is actually available (e.g., sPlotOpen, Sabatini 
et al., 2021, GBIF), but creativity for mapping species diversity from hyperspectral imagery should be reinforced. 
From this point of view, the spectral species concept is expected to make a major contribution in mapping 
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and analysis of hyperspectral satellite data to produce remote sensing based essential biodiversity variables 
(RS-EBVs, see Skidmore et al., 2015, 2021). Even if the predicted spectral species do not precisely identify the 
number and identity of taxonomic species in an image, it will provide a first-order exploratory tool to detect areas 
of low to high species diversity. Such approaches will require a better understanding of the range of conditions 
under which the spectral species concept can operate. In Section 2 we highlight some limitations for applications 
of the concept, but many of these limitations should be seen as new opportunities for research. These include, 
among others, identification of additional spectral characteristics that can be captured and what additional traits, 
and thus more species will be detected. We are aware that very small absorption features are present in plant spec-
tra and are statistically detectable but we do not know the physical basis of the biochemical/biophysical material 
that is absorbing this energy, highlighting an important avenue of research for the future. There is an ever-growing 
number of new traits reported from imaging spectroscopy research, ranging from phenolic and isoprene 
compounds, non-structural carbohydrates, fiber content (Ely et al., 2019; Serbin et al., 2014; Singh et al., 2015), 
essential nutrients including potassium, phosphorous, and calcium (Asner et al., 2015; Ely et al., 2019) to RuBP 
carboxylation (Vcmax) and regeneration (Jmax) (Rogers et al., 2017; Serbin et al., 2012, 2014; Wu et al., 2019). 
Such information is retrieved from measurements enabled by today's imaging spectrometers, which typically have 
spectral resolutions of 10 nm spectral bands cross the solar spectrum for a total of around 200–250 bands, some 
have 3–5 nm in the visible-near-infrared wavelengths and 5–10 nm in the shortwave infrared region. New satellite 
sensors under development (Flora on the Flex platform and GeoCarb) are designed to detect chlorophyll fluores-
cence with 1–3 nm narrow bands in the wavelength regions where chlorophyll fluoresces near the oxygen bands.

The spectral species concept is based on the principle that the variability in a spectral data cube is sufficient to 
identify a suite of traits in a pixel. In these cases, pixels are composed of multiple species with an assortment of 
different traits. The spectral species concept has been broadened to that of “spectranomics”, which is “an approach 
to conceptually and geographically link plant canopy species and their functional traits to their spectral-optical 
properties” (Asner & Martin, 2016). Broadening “spectranomics” has benefit for biodiversity assessment across 
different organizational levels, another area in which the spectral species concept could contribute.

While differences in traits identify different species, they can also describe patterns at different levels of ecolog-
ical organization such as habitats, communities, and ecosystems. In Ustin and Gamon (2010), the concept of 
“plant optical types” is based on their spectral attributes, without any direct reference to species or traits. By 
relating these optical types to specific traits (e.g., leaf and canopy resources allocated to productivity), then opti-
cal types acquire the definition of plant functional types. Just as actual plant species change, the spectral species 
concept must be dynamic and change. As the range of applications increase, the range of spectral patterns will 
increase (e.g., including phenological events like mass flowering or senescent states) (Poyry et al., 2018).

Understanding the interactions between biodiversity and ecological/environmental drivers is difficult (Kreft & 
Jetz, 2007). From this point of view, collecting exploratory remote sensing data on environmental heterogeneity 
across large geographical extents is relatively simple and combining that information with changing patterns of 
functional traits could improve species identification, mapping, and monitoring of potential diversity hotspots 
(Asner et al., 2017; Skidmore et al., 2015).

As biodiversity research expands to global ecosystems, there are many questions unresolved. Both ecologi-
cal sciences and Earth observation technologies are still in maturing phases of development. In this paper, we 
clarified the links between the spectral species concept, optical types and optical traits, and their analogy with 
ecological dimensions including species, functional types and functional traits, as well as the mechanistic link 
between biophysical properties of vegetation and what is usually expressed as spectral signatures, corresponding 
to species. The relevance of discrete approaches, and their complementarity with continuous approaches was also 
highlighted.

As stressed in this paper, important advances have been made in understanding how the spectral signature 
relates to biodiversity and where there is untapped potential to further disentangle these connections. While one 
should not overestimate the capacity of remote sensing to directly estimate biodiversity from space (Skidmore 
et al., 2021), remote sensing captures patterns of reflected or emitted electromagnetic radiation that are driven by 
biophysical and biochemical properties of vegetation (i.e., patterns dependent on the optical properties of plants 
that are the phenotypic expressions of their fitness strategies). There are a wide range of scientific disciplines 
that include all ecological subdisciplines from the population to the global biosphere, biology, soils, hydrology, 
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evolution and phylogenetics, optics, mathematics, statistics and informatics, and engineering that are necessary 
to understand, interpret, refine, and improve remote sensing research. To actually develop and verify methods to 
identify and monitor global patterns of biodiversity, it will truly take “more than a village” but instead an engaged 
and committed international contingent of scientists, social scientists, citizen scientists, engineers, policy makers, 
land owners, farmers, and more, to shorten the long road ahead.
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