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Abstract13

Covering 30 - 40% of the terrestrial surface, grasslands are important hosts of biodiversity, crucial for14

nutrient cycles and carbon sequestration. However, these ecosystems face a pressing threat in the form15

of biodiversity loss, which can disrupt their functioning and resilience. Addressing this challenge requires16

effective monitoring of biodiversity changes on large scales. Remote sensing emerges as a valuable tool17

in this endeavour, enabling the assessment of grassland biodiversity through the analysis of vegetation18

patterns, species composition, and ecosystem health over extensive areas.19

According to the spectral variation hypothesis (SVH), the link between pixel-to-pixel spectral variation20

and species diversity in remote sensing images can be used to retrieve plant diversity based on spectral21

data. Nevertheless, the transferability of the proposed relation across ecosystem types, seasons and spatial22

resolutions remains unclear. The absence of comprehensive data has hindered systematic assessments of23

the SVH so far, which would ideally incorporate coherent sets of diversity estimates from remote sensing24

data and in-situ plant diversity measurements.25

With this study, we present a combined approach that brings together trait data from field mea-26

surements, simulations of spatial species distributions and radiative transfer models for a systematic and27
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in-depth analysis of the SVH in temperate grasslands. Based on simulated grassland communities with28

different diversity levels, we assessed the spectral-to-species diversity relationship across (1) three tem-29

perate grassland types, (2) three seasons and, (3) five spatial resolutions (from 10 m to 0.2 m pixel size).30

We used the mean Euclidean distance (mED) and Rao’s Q as measures for spectral diversity and different31

indices to describe the species and trait diversity of the simulated grassland communities.32

Based on 45000 simulated grassland communities in five different spatial resolutions, we found that the33

spectral-to-species diversity relationship is not stable across grassland types and seasons, despite the used34

spectral diversity metric. Correlations with spectral diversity were inconsistent for the different applied35

diversity indices and no single index outperformed the others. Spectral diversity was mainly driven by36

the spatial resolution (i.e. pixel size) of the image and not by species richness (SR) or functional trait37

diversity (FD) per se. Our results further underline that the link between SR and FD is not always38

prominent in plant communities and the basic assumption of the SVH is fulfilled only under certain39

conditions. Consequently, we argue that FD, which is an important driver of the spectral signature of a40

plant community, is not inevitably linked to the number of present species in an image. We conclude that41

the interplay of SR and FD is crucial for the expression of the spectral-to-species diversity relationship.42

This study clearly underlines the context-dependency of the SVH and we point out that, although of43

promising value for distinct ecosystems, it is not universally applicable.44

Keywords— spectral heterogeneity, vegetation remote sensing, species richness, functional diversity,45

radiative transfer models, spatial resolution46

1 Introduction47

Biodiversity is declining globally at incomparable rates and across all types of ecosystems (Dı́az et al.48

2019). This loss is associated with dramatic effects on ecosystem functions and services that provide the49

basis for global cycles and human well-being (Cardinale et al. 2012). Plant diversity plays a crucial role50

in the maintenance of ecosystem stability, productivity and health and is therefore of special interest for51

the monitoring of ecosystems under climate change (de Bello et al. 2021; Hautier et al. 2015). Covering52

around 30 - 40% of the terrestrial surface, grasslands are the most intensively used land-cover type (Gibson53

2009). By hosting a large variety of plant species and providing habitats to other organisms, they are54

of utmost importance for the maintenance of global biodiversity. Further, they provide essential carbon55

sinks and therefore contribute substantially to mitigating global warming caused by carbon emissions56

(Petermann et al. 2021).57

Earth observation data play an important role in the development of tools to quantify plant diversity58

continuously across large spatial scales. In-situ measurements of plant diversity are time and labour59

intensive, restricted to a limited spatial extent and the trade-off between time and observation area60
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needs to be considered carefully. They are further biased by the seasonal occurrence of the plants,61

the accessibility of the field site and the experience of the observer (Burg et al. 2015). Considering the62

limitations of traditional vegetation surveys, the additional application of remote sensing (RS) techniques63

can provide a helpful expansion. According to a review of Wang et al. (2019), the assessment of plant64

diversity from RS data can be differentiated into four groups: (1) indirectly through habitat mapping, (2)65

directly through the mapping of individual plant distributions, (3) the mapping of functional diversity66

(based on plant traits, which are more closely related to ecosystem functioning than the species per se),67

and, (4) based on spectral variability. Recognising the value of all mentioned methods, we focus on the68

retrieval of grassland diversity based on spectral variability in this study.69

Introduced by Palmer et al. (2000), the Spectral Variability Hypothesis (SVH) in its original version70

states that the spectral variability of an RS image is linked to the species richness (SR) of the captured71

area. Spectral variability (or spectral diversity) describes the quantitative differences in the reflectance72

spectra between the spatial units (pixels) in a RS image. The basic SVH assumption is that increased73

spectral variability reflects an increased variety of habitats in the surveyed area and a higher number of74

habitats can harbour more species. Accordingly, spectral variability, which indirectly reflects the diversity75

of habitats, can be used as an indicator for SR (ibid.). Over the years, the SVH passed through a scientific76

development in which both its name (towards Spectral Variation Hypothesis) and both the response and77

explanatory variables evolved continuously. The assumed spectral-to-species diversity relationship has78

been applied to RS data in order to assess not only SR (Hall et al. 2012; John et al. 2008; Lucas et al.79

2010; Rocchini, Duccio 2007) but also other related diversity measures, such as species diversity (SD,80

Hauser et al. 2021; Heumann et al. 2015; Oldeland et al. 2010; Wang et al. 2018b) or functional diversity81

(FD, Pacheco-Labrador et al. 2022; Schneider et al. 2017; Schweiger et al. 2018). These are three among82

an ample variety of measures that provide different perspectives on biodiversity. The metrics are often83

used jointly to gain a comprehensive understanding of ecosystem health and stability. In summary, SR84

quantifies the total number of species, SD considers both species richness and their relative abundance,85

and FD evaluates the variety and variability of functional traits and roles exhibited by species. Recent86

studies have shown that the use of different biodiversity measures can lead to different outcomes regarding87

the strength of the spectral-to-species diversity relationship (Hauser et al. 2021; Pacheco-Labrador et88

al. 2022). The choice of the most appropriate measure of spectral diversity is an object of ongoing89

discussion. Among the most commonly applied indices are the mean Euclidean distance (mED), Rao’s90

quadratic entropy (Rao’s Q, Rocchini, Duccio and Marcantonio, Matteo and Ricotta, Carlo 2017), the91

coefficient of variation (CoV), and the standard deviation. All four indices are quantitative measures92

that provide insights into the distribution of spectral data. Higher values of each index generally indicate93

greater spectral diversity, while lower values suggest lower diversity. Rao’s Q considers both richness94

and evenness, while the other indices focus primarily on dissimilarity or variation. mED calculates95

pairwise dissimilarities, while standard deviation measures absolute variability and CoV assesses relative96

variability by normalising it with respect to the mean. mED and Rao’s Q are multivariate metrics that97
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are more suitable for hyperspectral data, whereas CoV and standard deviation are univariate metrics98

that account for single bands only. Consequently, they require substantial dimensionality reduction and99

are not suitable to reflect the variability of hyperspectral data in the mulitdimensional space.100

Drivers of spectral variation101

The reflectance patterns of plant communities are governed by a combination of physiological, anatomical,102

and biochemical characteristics of the plants. These factors interact with incident light across different103

wavelengths of the electromagnetic spectrum, leading to distinctive reflectance patterns that can be104

captured by remote sensing technologies. Plant canopy reflectance is driven by the set of plant traits that105

cover the above-ground parts of plants which can be referred to as optical plant traits (G. P. Asner 1998;106

Cavender-Bares et al. 2017). Depending on the spatial resolution of the sensor, the received signal is107

composed by more or less mixed reflectances of several plant individuals and the background reflectance.108

We can assume that this signal is mainly determined by the dominant species in the plant community.109

According to the SVH, we expect a higher spectral variability for areas with higher SR and consequently110

a more diverse set of optical traits. Recent studies pointed out that species and their optical traits are111

not the only important drivers for spectral variation in RS images. Other important factors are (1)112

vegetation cover (Hauser et al. 2021), (2) habitat type (Perrone et al. 2023; Rossi et al. 2022), (3) the113

spatial distribution patterns and abundances of the species (Fassnacht et al. 2022; Wang et al. 2018a),114

(4) the seasonal development of the vegetation (Thornley et al. 2022; Wang et al. 2016), (5) and the115

spatial resolution of the RS data (Rocchini, Duccio 2007; Wang et al. 2018b). Of particular importance116

is the vegetation cover, since background soil reflectance can have major effects on the optical signal117

and can lead to an increase of spectral diversity which might cause an overestimation of SR (Gholizadeh118

et al. 2018; Hauser et al. 2021; Wang et al. 2019). Further, the spatial distribution patterns of different119

species in the prevailing plant community influence the spectral variation in remote sensing images. Some120

species, such as Tanacetum vulgare, grow in patches while others, such as Lolium perenne, are distributed121

homogeneously. This causes local variations in the vegetation composition across an area, with ’hotspots’122

of species and trait density in some patches. Spatially heterogeneous trait distribution patterns are locally123

expressed in the reflectance patterns and increase the spectral variability. These patterns are enhanced124

by the variety of life forms in grassland ecosystems. Different species of a grassland community can125

exhibit a large variation in size and growth types (such as grasses, herbaceous species, small shrubs,126

Petermann et al. 2021). Woody species, such as Calluna vulgaris, introduce an additional effect of bark127

(non-greenish plant material that is not part of dead vegetation) to the spectral reflectance pattern and128

thereby increase spectral diversity.129

Beyond different spatial distribution patterns, the species of a plant community occur in different130

proportions (i.e. ’species abundances’). Recent studies have shown that spectral diversity is influenced131

not only by species SR but rather by the interplay of SR and the single species abundances (i.e. ’evenness’132

of a community) (Rocchini et al. 2014; Wang et al. 2018b). Abundance-weighted diversity indices,133
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such as Simpson’s (Simpson 1949) or Shannon’s index (Magurran et al. 2010), express stronger links134

to spectral diversity than SR (Wang et al. 2018a). This can be explained by the fact that the sensor135

receives a mixed spectral signal that contains the spectral signatures of all plant species in a pixel. This136

mixed signal is mainly driven by the most dominant plant species, which is more appropriately reflected137

using abundance-weighted diversity indices. Additionally, seasonal effects influence the spectral-to-species138

diversity relationship. Throughout the seasons, temperate grassland communities exhibit changes in their139

species composition, vegetation structure and trait phenological conditions. Recent studies have reported140

that the timing of sampling has a strong effect on the spectral-to-species diversity relationship (Thornley141

et al. 2022) and should therefore be considered in diversity assessments based on RS data. Further,142

different management practices must be considered when assessing grassland diversity from RS data as143

these change the phenological condition and structure of an area independently from the seasonal cycle144

(Rossi et al. 2022). Finally, the spatial resolution of the RS image (i.e. pixel size) plays a major role in145

the spectral-to-species diversity relationship (e.g. Rocchini, Duccio 2007; Rossi et al. 2022; Wang et al.146

2018b). The ratio between the size of a pixel and the observed objects determines the degree to which147

the received spectral signal is a mixture of different reflectance spectra (Cavender-Bares et al. 2017).148

This is especially apparent in grasslands where the pixel size and the individual plant size can differ149

considerably (Rocchini et al. 2022). Depending on the applied sensor and observed life form, small pixels150

can already contain a mixture of several plant individuals. Wang et al. (2018b) therefore recommend a151

spatial resolution from 1 mm to 10 cm for the assessment of herbaceous plant diversity. However, such152

fine resolutions are only achieved by drones, which do not meet the requirements for large-scale coverage153

for diversity monitoring. All these parameters are fundamental drivers of spectral variation in RS images.154

Unfortunately, they rarely occur exclusively and their single effects on spectral variability are hard to155

disentangle. Although presenting a promising and straightforward approach in times of urgently needed156

grassland diversity monitoring, we should acknowledge that the SVH exhibits various weaknesses (see157

also Fassnacht et al. 2022; Schmidtlein et al. 2017). A detailed analysis of the effects of different drivers158

on the spectral-to-species diversity relationship in grasslands on large scales is a challenging venture. This159

is mainly caused by strong practical limitations in the experimental design. On the one hand, exhaustive160

datasets to test the coherence of diversity estimates from remote sensing signals with in-situ measurements161

of plant diversity are scarce. On the other hand, to analyse the influence of sensor-induced scaling effects,162

tremendous data processing efforts are required. These are usually avoided due to limitations in human163

and financial resources.164

Simulation studies to bridge the data gap165

A promising approach to fill this gap is the targeted design of simulation experiments that allow to166

produce a large number of artificial plant communities. Coupled with spectral data or radiative transfer167

models (RTMs) to generate the spectral data, plant community simulations are a powerful tool to increase168

the size of the test data and bridge the gap between field observations and RS data. However, recent169
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studies have shown that the use of pure spectra from leaf measurements (i.e. via leaf clip, Zhao et al.170

2021) does not lead to reliable results as the soil reflectance and effects of volumetric scattering cannot171

be taken into account, although background soil reflectance has been shown to have a strong impact on172

the spectral variability (Gholizadeh et al. 2018). Additionally, the precise combinations of traits, species173

diversity, and vegetation cover responsible for the observed spectral variations from air- or space-borne174

measurements remain unclear, unless these data can be aligned with in-situ measurements (Badourdine175

et al. 2022). Due to restrictions in the experimental design, none of the studies considered the effects of176

spatial species distributions in combination with in-situ measurements of plant traits. The spatial plant177

species distribution across a habitat can lead to different spectral reflectance patterns. Let us compare178

a uniform plant distribution with stable cover percentages with an area where species are clustered and179

occur in varying proportions. Depending on the spatial resolution we consider, the first area will exhibit180

a uniform spectral signal, while the latter will inherently display greater spectral diversity. Consequently,181

including the spatial plant distribution and corresponding traits in the study design might improve the182

SVH assessment.183

In this study, we present a combined approach that brings together trait data from field measurements,184

simulations of spatial species distributions and RTMs for a systematic and in-depth analysis of the185

SVH in temperate grasslands. For this purpose, we collected species data and performed in-situ trait186

measurements of biophysical properties from three different grassland types in Germany: a nutrient-187

poor, a nutrient-rich and a dry grassland area. The biophysical properties of these grasslands were188

measured in spring, summer and autumn 2021 to capture the site- and season-specific aspects of the189

prevailing plant community in the respective areas. Based on the species data (full vegetation survey190

including species abundances), we simulated two-dimensional spatial plant distribution patterns that191

represent artificial grassland communities on a fixed area of 30 m x 30 m. In combination with our192

trait database, we parameterised a leaf- and canopy-RTM (PROSAIL, Feret et al. 2023; Jacquemoud,193

Stéphane and Verhoef, Wout and Baret, Frédéric and Bacour, Cédric and Zarco-Tejada, Pablo J and194

Asner, Gregory P and François, Christophe and Ustin, Susan L 2009) to generate season- and site-195

specific canopy reflectances according to the grassland simulations. Using this large set of simulations as196

model landscape patches, we systematically assessed the spectral-to-species diversity relationship across197

(1) three different temperate grassland types, (2) three seasons and, (3) five different spatial resolutions198

(from 10 m to 0.2 m pixel size, in line with real-world space- and airborne sensors). We used the mean199

Euclidean distance (mED) and Rao’s Q as measure for spectral diversity and different indices to describe200

species and trait diversity of the simulated grassland communities.201

2 Materials and Methods202

We used simulated spatial distributions of plant communities based on field observations to test the203

spectral-to-species diversity relationship in temperate grasslands for different spatial resolutions. Traits204
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Figure 16: Spectral diversity (mED in log+1) per diversity level for the sites LA and LU across all
seasons. Each box contains the mED for all 1000 grassland simulations per diversity level (5 species to
25 species) in the finest resolution (0.2 m pixel size). The relationship between mED and diversity level
is not stable across the sites and seasons.

Figure 17: Correlation between the two metrics for spectral diversity. Spectral Rao’s Q and mED have
been scaled before the linear regression model was applied. Correlations were all non significant and
R†-values were low (p ¡ 0.05 in all cases, see plot panels for site-specific R†-values.)

45



Figure 18: Correlograms representing the bivariate relationships (R-values) between spectral diversity
(Rao’s Q) and different taxonomic diversity indices calculated for each of the grassland simulations based
on in-situ species and trait data. Black numbers show Pearson’s correlation coefficient. The lower
triangle shows the correlations between spectral Rao’s Q of the different spatial resolutions, the upper
triangle shows the correlations between the different diversity indices (taxonomic and functional). R-
values within the grey box show the correlations between different taxonomic and functional indices
and spectral diversity for different spatial resolutions. Labels: ’Simpson’ - Simpson-Index, ’Shannon’ -
Shannon Index, ’RaoQ’ - Rao’s quadratic entropy, ’SR’ - Species Richness. Sites: BL - Bad Lauchstädt,
LA - Luppeaue, LU - Lunzberge.
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