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Summary 20 

 Remote sensing is a fundamental tool to monitor biodiversity over large spatial extents. 21 

However, it is still not clear whether spectral diversity (SD - variation of spectral response 22 

across a set of pixels) may represent a fast and reliable proxy for different biodiversity 23 

facets such as taxonomic (TD) and functional diversity (FD) across different spatial scales.  24 

 We used fine resolution (3 cm) multispectral imagery on coastal dune communities in Italy 25 

to explore SD patterns across spatial scales and assess SD relationships with TD and FD 26 

along the environmental gradient.  27 

 We measured TD as species richness, while SD and FD were computed using probability 28 

densities functions based on pixels and species position in multivariate spaces based on 29 

pixel values and traits, respectively. We assessed how SD is related to TD and FD, we 30 

compared SD and FD patterns in multivariate space occupation, and we explored diversity 31 

patterns across spatial scales using additive partitioning (i.e., plot, transect, and study area).  32 

 We found a strong correspondence between the patterns of occupation of the functional and 33 

spectral spaces and significant relationships were found along the environmental gradient. 34 

TD showed no significant relationships with SD. However, TD and SD showed higher 35 

variation at broader scale while most of FD variation occurred at plot level.  36 

 By measuring FD and SD with a common methodological framework, we demonstrate the 37 

potential of SD in approximating functional patterns in plant communities. We show that 38 

SD can retrieve information about FD at very small scale, which would otherwise require 39 

very intensive sampling efforts. Overall, we show that SD retrieved using high resolution 40 

images is able to capture different aspects of FD, so that the occupation of the spectral space 41 

is analogous to the occupation of the functional space. Studying the occupation of both 42 

spectral and functional space brings a more comprehensive understanding of the factors 43 

that influence the distribution and abundance of plant species across environmental 44 

gradients.  45 

Keywords: Biodiversity; Dissimilarity; Ecology; Remote sensing; Richness; Spatial scale; 46 

Spectral space; Taxonomical diversity.   47 
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1. Introduction  48 

Global change is dramatically affecting global biodiversity (Butchart et al., 2010; Winkler et al., 49 

2021), with no signs to decrease in the near future (Díaz et al., 2019; Trisos et al., 2020). To keep 50 

up with these changes, scientists have proposed to consider fast and repeatable measures of all 51 

facets of biodiversity over large extents (McGill et al., 2015; Jetz et al., 2016). In this context, 52 

remote sensing emerges as the most comprehensive and convenient tool for handling multiple 53 

biodiversity-related questions (Jetz et al., 2016) and is particularly promising in detecting different 54 

facets of plant diversity (Yannelli et al., 2022). Yet, major gaps remain in the application of remote 55 

sensing to detect biodiversity patterns across different spatial scales (Wang & Gamon, 2019). 56 

Remotely sensed images can be used to detect the morphological, physiological, and chemical 57 

structures of vegetation (Ustin et al., 2009; Ollinger, 2011). Because differences in vegetation 58 

phenotypic characteristics correspond to variations in spectral band values (Spectral Variation 59 

Hypothesis; Palmer et al., 2002; Rocchini et al., 2004), spatio-temporal variations in spectral bands 60 

(i.e. spectral diversity, SD) can be considered an indicator of spatio-temporal variability of 61 

vegetation. This makes SD a cost- and time- efficient proxy for different diversity facets (Surrogacy 62 

hypothesis; Gamon et al., 2020; Wang & Gamon, 2019), such as taxonomic diversity (TD, e.g. 63 

Conti et al., 2021; Marzialetti et al., 2021) and functional diversity (FD, e.g. Frye et al., 2021; Zhao 64 

et al., 2021). 65 

Several studies have explored the effectiveness of SD in approximating TD (Torresani et al., 2019; 66 

Conti et al., 2021), showing a strong context-dependency of the relationships between remotely 67 

sensed plant spectrum and species identity (Schmidtlein & Fassnacht, 2017; Fassnacht et al., 2022). 68 

Specifically, both image resolution (i.e., pixel and spectral resolution, Gamon et al., 2020) and 69 

vegetation characteristics (e.g., vegetation type and size) influence spectral variability, producing 70 

contrasting patterns between SD and TD that are sensor- and ecosystem-dependent (Schmidtlein & 71 

Fassnacht, 2017; Conti et al., 2021; Fassnacht et al., 2022).  72 

Spectral discrimination of plant species is based on plant attributes, which are products of the set 73 

of plant traits that can be remotely detected (Fassnacht et al., 2022). Because of this, plants’ spectral 74 

properties have a strong link with plant traits (Ustin & Gamon, 2010; Homolová et al., 2013), as a 75 

consequence a stronger relationship is expected with FD rather than with TD (Conti et al., 2021). 76 

In this context, hyperspectral imaging is efficient in discriminating trait variation among 77 

communities (Frye et al., 2021), and has shown a great potential in depicting ecological processes 78 

(Schweiger et al., 2021). However, a widespread use of hyperspectral sensors in research is still 79 

limited due to their high costs coupled with computational-intensive management (Adão et al., 80 
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2017; Rossi et al., 2022). Recent studies have shown that images with lower spectral resolution 81 

(i.e. multispectral), which are a feasible alternative, are also capable to detect not only plant traits 82 

across different ecosystems and pixel resolutions (Aguirre-Gutiérrez et al., 2021; Thomson et al., 83 

2021) but have also the potential to detect changes in the functional structure of the communities 84 

(Hauser et al., 2021; Helfenstein et al., 2022).  85 

FD and SD are complex by nature: they derive from the combination of multiple traits and bands, 86 

respectively, and reflect differences among species coexisting in an assemblage. Therefore, both 87 

FD and SD should be addressed including all aspects of their variation. As a result, to efficiently 88 

depict functional patterns and processes in a given assemblage, it is pivotal to address FD in an 89 

holistic way (Mason et al., 2005). However, researchers generally use synthetic measurements of 90 

single aspects of functional variation, such as the mean (community weighted mean, Ricotta & 91 

Moretti, 2011), the variance (Rao’s Q, de Bello et al., 2016) or the combination of size and location 92 

of species within a trait space (convex hull, Villéger et al., 2008) that can overlook the strong 93 

constraints and coordination patterns underlying the functional structure of plant assemblages (Díaz 94 

et al., 2016; Carmona et al., 2021a). Conversely, addressing all aspects of FD simultaneously in a 95 

multivariate trait space can provide a direct access to community and ecosystem changes (Díaz et 96 

al., 2016; Joswig et al., 2022). The trait probability density approach (TPD; Carmona et al., 2016) 97 

is appropriate for this task, since it reflects the probabilistic distribution of species in a trait space 98 

(Carmona et al., 2021a; Rodríguez-Alarcón et al., 2022). Similarly to FD, approaches measuring 99 

SD generally rely on synthetic measurements of single aspects of its variation, such as ratios of 100 

single bands (e.g. NDVI, Torresani et al., 2019), variance (Rao’s Q, (Rocchini et al., 2017) or the 101 

combination of size and location of pixels within a spectral space (convex hull, Gholizadeh et al., 102 

2018). Expanding the TPD approach to represent SD would not only allow us to consider it in a 103 

holistic way including simultaneously all aspects of spectral variation across multiple spectral 104 

bands, but also provide a common toolbox to better compare SD and FD across different spatial 105 

scales. 106 

In this study, we combined fine-scale (3 cm) multispectral airborne remotely sensed images 107 

coupled with an intense field sampling survey, to evaluate the ability of remote sensing in retrieving 108 

biodiversity patterns in Mediterranean coastal dunes ecosystems. Coastal dune ecosystems are 109 

defined by a strong sea-inland gradient, characterized by high taxonomical turnover and increasing 110 

species richness proceeding landward (Tordoni et al., 2018, 2021). From a functional perspective, 111 

coastal dune communities are defined by different vegetative growth forms along the sea-inland 112 

gradient (i.e., herbaceous and woody) with generally higher FD closer to the sea where 113 

environmental conditions are harsher and species richness is low (Carboni et al., 2013). 114 

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 8, 2023. ; https://doi.org/10.1101/2023.02.07.527269doi: bioRxiv preprint 

https://doi.org/10.1101/2023.02.07.527269
http://creativecommons.org/licenses/by-nd/4.0/


5 
 

We addressed SD by calculating a multidimensional space based on the spectra of pixels and 115 

estimated SD using the TPD framework originally developed by Carmona et al. (2016) in a FD 116 

context. By using the TPD framework, we can derive functional and spectral structures (i.e., 117 

patterns of organization of the species — or pixels — within the functional or spectral space) that 118 

can be used to compare and quantify patterns in space occupation. In doing so, we produce 119 

comparable estimations of all aspects of FD and SD allowing us to assess the SD-FD relationship 120 

in a way that goes beyond the traditional comparisons of univariate indicators of variation. We used 121 

this framework (i) to test whether SD can approximate patterns in plant diversity (both TD and 122 

FD), (ii) to detect how TD, FD, and SD patterns are coordinated along the sea-inland gradient, and 123 

(iii) to explore how TD, FD, and SD partition across different spatial scales (plot, transect, study 124 

area). Given the fine pixel resolution, we hypothesize that SD will better capture FD than TD 125 

because it is directly related to species´ phenotypes rather than their taxonomic identities. 126 

Consequently, we hypothesize a strong correspondence between functional and spectral structures, 127 

which should be further corroborated by a high positive correlation between functional and spectral 128 

dissimilarities.    Further, if patterns in space occupation are strongly coordinated, we also expect 129 

that the amount of space occupied by each plot and transect (i.e. richness, Mason et al., 2005) in 130 

the functional and spectral space should be positively correlated and this correlation should be 131 

reflected along the sea-inland. Finally, we expect that the correspondence between FD and SD 132 

across plot and transects will produce similar diversity partitioning across spatial scales.  133 

2. Material and Methods 134 

2.1 Study area and sampling design 135 

Coastal dune ecosystems are characterized by steep ecological gradients (Tordoni et al., 2021), 136 

producing marked vegetation zonation arrange from sea to inland (Acosta et al., 2007; Tordoni et 137 

al., 2018). Closer to the sea (i.e., foredunes), plant species experience harsher abiotic conditions 138 

that limit the establishment to extremely specialized herbaceous species (Acosta et al., 2008). In 139 

the landward part of the beach (i.e., fixed dunes), the harshness of these conditions decreases 140 

allowing plant communities to become richer in species and growth forms (e.g., small shrubs of 141 

Juniperus spp., Acosta et al., 2008). 142 

Fieldwork was performed in May-June 2019 within the protected coastal sand dune habitats of 143 

“Migliarino-San Rossore-Massaciuccoli” Regional Park (Italy). The study area belongs to the 144 

Natura 2000 network (Directive 92/43/EEC) and includes the Special Area of Conservation “Dune 145 

Litoranee di Torre del Lago” (IT5170001, centroid coordinates 10.253889E, 43.828611N). The 146 

sampling design for the collection of plant data was based on the selection of a squared grid of 500 147 
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×500 m overlaying the whole study area. Within each cell of the grid, one transect was randomly 148 

selected and placed from sea-landwards for a total of 6 transects sampled in the whole study area. 149 

According to the dune morphology and extension, transects’ length ranged between 172 and 208 150 

m encompassing a set of contiguous squared plots of 16 m2 each, in which we assessed the 151 

occurrences and abundance of vascular plant species (measured as percentage visual cover). We 152 

sampled a total of 288 plots in the six transects. Plant nomenclature was standardized according to 153 

Bartolucci et al. (2018) and Galasso et al. (2018).  154 

2.2 Functional traits measurement and remotely sensed image processing 155 

Leaf samples for functional traits measurements were randomly collected within transects trying to 156 

maximize interspecific trait variation. To this aim, we sampled 2 to 4 individuals for each species 157 

both in foredunes and fixed dunes. In total, functional traits were measured on 42 out of 75 recorded 158 

species, accounting for 97.4% of the total plant coverage. Following  Petruzzellis et al. (2021), we 159 

measured cost-related, hydraulic and leaf vein traits associated to the “Leaf Economics Spectrum” 160 

(LES; Wright et al., 2004) and to the “flux trait network” proposed by Sack et al. (2013). 161 

Specifically, we selected the following functional traits: Specific Leaf Area (SLA, mm2/mg); Leaf 162 

Dry Matter Content (LDMC, mg/g); Minor Vein Length per unit Area (VLAminor, mm/mm2); Water 163 

potential at turgor loss point (Ψtlp, - MPa). Detailed procedure for functional traits measurements 164 

is reported in supplementary material. 165 

Remotely sensed image acquisition was performed immediately before vegetation sampling. We 166 

conducted Unmanned Aerial Vehicle survey using a MicaSense RedEdge 3© multispectral camera 167 

(MicaSense, Seattle, WA). We acquired one image per transect at 3 cm pixel resolution using five 168 

multispectral bands: blue (center wavelength: 475 nm), green (560 nm), red (668 nm), Near Infra-169 

Red (NIR, 840 nm), and Red Edge (RE, 717 nm). Considering the patchy vegetation and the bare 170 

sand defining coastal dune ecosystem we decided to remove all pixels not related to vegetation. 171 

We performed an unsupervised linear spectral unmixing process (Settle & Drake, 1993) which has 172 

been previously used to separating pure and mixed pixels in coastal dunes (Lucas et al., 2002). For 173 

each transect, we used only pixels containing a minimum of 60% of vegetation for successive 174 

analysis. Spectral cleaning procedure produced a total of ca. 1,5 million pixels used for subsequent 175 

analysis. It is worth mentioning that the whole spectral cleaning procedure may have led to lose 176 

small or hidden (i.e., covered by sand) species, particularly in plots closer to the sea where smaller 177 

and more scattered individuals were present. See supplementary materials for a full description of 178 

images processing. 179 
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2.3 Estimation of the functional and spectral spaces 180 

Mapping species position in multidimensional spaces based on trait information (i.e., functional 181 

space) allows summarizing species’ ecological strategies through a reduction of their dimensional-182 

ity (Díaz et al., 2016). We defined a functional space using a Principal Component Analysis (PCA) 183 

considering mean functional traits values for each species (n = 42). Using Horn's Parallel Analysis 184 

implemented in the ‘paran’ R package (Dinno, 2018), we retained two axes, which accounted for 185 

76.8% of trait variation. 186 

Similarly, mapping pixels position in a multidimensional space based on band values, allows to 187 

summarize the reflectance spectrum of pixels conveying information on all bands simultaneously 188 

(Conti et al., 2021; Rocchini et al., 2021). We first removed outliers from each of the 5 spectral 189 

bands by deleting pixels laying outside the 95% of the data distribution to reduce spectral aberra-190 

tion. Then, we performed a PCA using multispectral band values for every single pixel of the study 191 

area (n = 1,470,416), obtaining a multivariate space (i.e., spectral space). We retained the first two 192 

components, accounting for 89.3% of pixel variation. In this approach, we assumed that single 193 

pixels are equivalent to “spectral individuals”, while spectral bands can be considered as the equiv-194 

alent of “spectral traits”. Under these assumptions, the scores of each pixel in the retained PCA 195 

axes reflect the position of the pixel in the spectral space, in the same way that the scores of species 196 

in the PCA based on traits reflect the position of the species in the functional space. In order to 197 

produce reliable Trait Probability Density estimations (see following paragraph), only plots with at 198 

least 5 pixels were kept for subsequent analyses, for a total of 270 plots (out of 288 plots sampled) 199 

with 5,446 ± 2,836 pixels per plot (mean ± std. dev.). 200 

2.4 Estimation of functional and spectral structures and diversity metrics 201 

We estimated TD at the different hierarchical scales of the study: i.e., within plots ( diversity), 202 

among the plots from the same transect (diversity), and at the whole study area (diversity). 203 

TD was measured as species richness, whereas TD was calculated as pairwise Sorensen dis-204 

similarity, using the function beta.pair available in R package ‘betapart’ (Baselga et al., 2021). 205 

We then derived functional and spectral structures for each plot (i.e., the patterns of organization 206 

of the species - or pixels - in a plot within the functional or spectral space) using the trait probability 207 

density framework (TPD; Carmona et al., 2016). TPD functions are probability density functions 208 

so that they reflect the probabilistic distribution of points (in our case species or pixels) in a given 209 

space (functional or spectral, respectively). We estimated functional and spectral TPD functions 210 
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for each plot using the ‘TPD’ R package (Carmona et al., 2019). Then, we estimated different 211 

aspects of functional and spectral diversity within plots ( diversity) and among the plots from 212 

the same transect (diversity). In particular, within-plots we estimated functional (and spectral) 213 

richness which reflects the amount of the functional (and spectral) space that is occupied by any 214 

given plot (Carmona et al., 2016). diversity was expressed as the dissimilarity between pairs of 215 

plots from the same transect. Plot level functional (FD) and spectral dissimilarities (SD) were 216 

calculated as 1 – overlap of the corresponding TPD functions (Carmona et al., 2019). TPD-based 217 

dissimilarities consider both differences in boundaries and differences in how densely the func-218 

tional (or spectral) space is occupied by each of the compared plots, thus providing an indication 219 

of dissimilarity between communities that encompasses simultaneously all aspects of functional 220 

(or spectral) variation. We further decomposed dissimilarity into two complementary components, 221 

namely turnover and nestedness: turnover quantifies up to what point the functional (and spectral) 222 

differences between plots are because the plots occupy exclusive regions of the space, whereas 223 

nestedness reflects how differently the two plots occupy the parts of the functional (and spectral) 224 

space that they share. Finally, TPD functions of all plots contained in each transect were additively 225 

aggregated to produce transect-level TPD functions, and the same methods and metrics described 226 

above were estimated at the transect level. 227 

2.5 Correspondence among functional structure, spectral structure, and species 228 

composition 229 

To test the hypothesis that multispectral SD can approximate FD better than TD, we explored up 230 

to what point spectral structures are able to reflect functional structures and species richness be-231 

tween plots. First, we assessed the correlation between functional, spectral, and taxonomical dis-232 

similarities among pairs of plots. To do this, we performed Mantel tests (Legendre & Legendre, 233 

2012), using Spearman correlation coefficient () and 999 randomizations. Then, to test if correla-234 

tions between plot dissimilarities were actually driven by their functional and taxonomical covari-235 

ation, respectively, we performed Partial Mantel tests (Legendre & Legendre, 2012) between SD 236 

and its functional and taxonomic counterparts while controlling for the third component. Both tests 237 

were performed using the functions mantel and partial.mantel in the ‘vegan’ R package (Oksanen 238 

et al., 2020). The same set of analysis was also repeated within each transect. Finally, we explored 239 

the relationships between SD and both FD and TD using major axis regressions for each 240 

transect. Major axis regression models do not assume causality between variables and account for 241 
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errors in variable estimation (Legendre & Legendre, 2012), allowing us to accurately describe re-242 

lationships between SD and biodiversity. All models were performed using lmodel2 function of the 243 

‘lmodel2’ R package (Legendre, 2018). 244 

Addressing plot pairwise dissimilarities allow us to include all aspects of functional and spectral 245 

variation by directly addressing the probabilistic distributions of species and pixels in the functional 246 

and spectral spaces, respectively (Carmona et al., 2016). However, even though addressing dissim-247 

ilarities between communities functional and spectral structures is a more complete approach, ad-248 

dressing biodiversity using quantifiable and specific aspects of diversity (such as richness) is a 249 

widely used in research and it is fundamental in the understanding of many ecological processes 250 

(e.g., Carmona et al., 2021a; Swenson et al., 2016). Therefore, we estimated the relationships 251 

among log-transformed SD and both FD and TD using major axis regression within each 252 

transect (Legendre & Legendre, 2012). Additionally, we used the variation partitioning approach 253 

(Borcard et al., 1992; Legendre, 2008) to evaluate the unique and shared contribution of TD and 254 

FDin explaining SD variation. Variation partitioning was performed using the varpart func-255 

tion of the R package ‘vegan’ (Oksanen et al., 2020).  256 

To explore in more detail the correspondence between functional and spectral spaces, we compared 257 

patterns in space occupation. Firstly, we visually compared functional and spectral structures of 258 

single transects by plotting their TPD functions at different probability quantiles. The value of a 259 

TPD function in each point of the space reflects the abundance of the corresponding combination 260 

of traits (in the functional space) or band values (in the spectral space). We graphically represented 261 

transects’ TPD for both FD and SD and highlighted contours containing 50, 75, and 99% of the 262 

total probability. Dissimilarities in transects’ functional and spectral structures were visually high-263 

lighted by plotting pairwise (functional and spectral) TPD functions. Later, we checked the corre-264 

spondence between the functional and spectral structures by splitting herbaceous communities from 265 

the ones where a woody species (Juniperus macrocarpa) was dominant (≥ 50% relative abun-266 

dance). Given that woody and herbaceous species occupy distinct portions of the global plant func-267 

tional space (Díaz et al., 2016; Carmona et al., 2021a), if SD is detecting FD patterns, we expect 268 

to retrieve a similar a similar distinction in the pattern of occupation of the spectral space. Thus, 269 

we computed TPD functions for plots dominated by woody and herbaceous species in both func-270 

tional and spectral spaces. Then, we plotted dissimilarities between woody and herbaceous func-271 

tional and spectral structures.  272 

2.6 Diversity patterns along the environmental gradient 273 

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 8, 2023. ; https://doi.org/10.1101/2023.02.07.527269doi: bioRxiv preprint 

https://doi.org/10.1101/2023.02.07.527269
http://creativecommons.org/licenses/by-nd/4.0/


10 
 

In order to test whether taxonomical, functional, and spectral diversity patterns are coordinated 274 

along the sea-inland gradient, we performed a series of models along transects. First, we related all 275 

diversities to the interaction between spatial distance (i.e., Euclidean distance) and the type of 276 

diversity facet (i.e. TD, FD or SD). We computed spatial distance by progressively enumerating 277 

plots within transects according to the sea-inland gradient. Distances were normalized on their 278 

range between 0-1, with values closer to 0 indicating smaller distances between plots and vice 279 

versa.  Considering the non-linear patterns occurring in coastal dune diversity along the sea-inland 280 

gradient (Acosta et al., 2007), we performed a Generalized Additive Model (GAM) for each tran-281 

sect using diversity facet as parametric term and spatial distance as the smooth term. The latter was 282 

computed using 5 basis functions (k) of thin plate regression splines basis type, specifying diversity 283 

facet as factor by variable. All GAMs were performed using REML method for the estimation of 284 

the smoothing parameter.  285 

Then, we compared patterns of TD, FD, and SD along each transect. We standardized 286 

(zero mean and unit variance) diversity values for each diversity facet to have comparable ranges 287 

of variation. Then, we estimated relationships between diversity (response variable), and the 288 

interaction between distance from the sea and the type of diversity facet. We performed a GAM 289 

model per transect as specified above. All mentioned analyses were performed using R version 290 

4.0.3 (R Core Team, 2020). 291 

2.7 Partition of diversity across spatial scales 292 

To test our hypothesis that the partition of SD across spatial scales would mirror that of FD, we 293 

partitioned species, functional and spectral richness using additive partition of diversity (Crist et 294 

al., 2003; Silvestre et al., 2021). We performed diversity partition considering the spatial 295 

organization of the sampling: a) -diversity within plots (i.e., mean plot), b);-diversity between 296 

plots (i.e., transect – mean plot), and c) -diversity between transects (i.e., -diversity – transect). 297 

We divided diversity values by their maximum to express the metrics in a range from 0 to 1. 298 

  299 
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 300 

Fig. 1 Probabilistic distribution of species in the functional space (left panel) and pixels in the spectral space (right 301 
panel) built using the first two PCA axis. Arrows lengths are proportional to the loadings of the considered traits 302 
and bands, respectively. Contour lines in each panel represent the thresholds of the probability density 303 
distributions (i.e., solid thin lines are 60%, 70%, 80%, 90%; bold lines are 50% and 99% of the total probability 304 
distribution). Probability distributions are based on the species and pixel present in the whole study area. The 305 
colour gradient highlights different probability densities with dark blue corresponding to portions of the space 306 
displaying the highest probabilities. Points present in the functional space represent species positions; a subset of 307 
species is highlighted in orange. 308 

 309 

3. Results 310 

We recorded a total of 75 plant species in the study area (10.2 ± 2.8 std. dev. species per plot; Table 311 

S1). Helichrysum stoechas was the most abundant species accounting for ca. 24.2% of the total 312 

vegetation coverage, followed by the shrub Juniperus macrocarpa covering ca. 21.8% of total 313 

vegetation, and by Lomelosia rutifolia (ca. 11.2%).  314 

The first principal component of the functional space (PC1; 51.76% of total variance) was mainly 315 

described by Ψtlp, and LDMC, reflecting a trade-off between drought resistance and resource use, 316 

whereas PC2 (25.02% of total variance) was mainly related to venation architecture (i.e., VLAminor, 317 

Fig. 1).  318 

Regarding the spectral space, the first principal component was positively associated with the value 319 

of the green band; whereas blue and red bands had positive loadings on PC2 and were negatively 320 

associated with NIR and RE (Fig. 1). Both the functional and the spectral spaces displayed two 321 
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main clusters of high probability density which, in the case of the functional space, clearly 322 

separated between woody (Juniperus macrocarpa) and herbaceous species. 323 

 324 

 325 

Fig. 2 Relationships between transects’ SD and FD for both -and - diversity. The first two columns show 326 
diversity relationships, including the coefficient of correlation () and its significance (p; based on Mantel 327 
tests). Third and fourth columns show diversity relationships, including R2 and p-value (p) of the major axis 328 
regressions. In all plots, major axis regression line is showed in dark blue. 329 

 330 

3.1 Correspondence among functional structure, spectral structure, and species 331 

composition 332 

TD ranged between 0 and 1 with a mean for all transects of 0.6 ± 0.19 (mean ± std. dev.)  FD 333 

ranged between 0.02 and 0.99 (0.54 ± 0.21), SD varied between 0.07 and 1.00 (0.68 ± 0.22). We 334 

found significant positive correlations between dissimilarities of all diversity facets The Mantel 335 
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tests considering all plots of the study area showed a positive correlation between TD and SD 336 

(= 0.20 p = 0.001). However, when controlling for FD, partial Mantel test was not statistically 337 

significant ( = 0.03, p = 0.088). The Mantel test between FD andSD revealed a positive 338 

correlation ( = 0.39, p = 0.001), which was confirmed also when controlling for TD (partial 339 

Mantel test = 0.34, p = 0.001). 340 

Considering dissimilarities within transects, all Mantel tests considering both TD (Fig. S1) and 341 

FD were significantly and positively correlated with SD as stressed by the major axis 342 

regression lines (Fig. 2). Both SD and FD were driven almost exclusively by high nestedness 343 

(i.e., high overlap) between plot structures (Fig. S2), suggesting that differences between plots from 344 

the same transect were mainly related to differences in the way species and pixels occupy the same 345 

areas of the functional and spectral spaces, respectively.  346 

All major axis regression models relating FD to SD (Fig. 2) showed statistically significant 347 

positive relations, whose strength (R2 between 0.11 0.40) and slope were variable between 348 

transects. In contrast, all major axis regression models relating TD with SD within single 349 

transects failed to show significant relations with the only exception of transect 5 (Fig. S1). 350 

Variance partitioning of SD showed that most of its variation was accounted for variation in 351 

FD alone (10%). Joint effect of FD and TD explained almost no effect (1%), while TD 352 

did not explain any variation in SD.  353 

 354 

Fig. 3 Probabilistic distribution of functional (i.e., FD, left panel) and spectral (i.e., SD, right panel) structures for 355 
Juniperus-dominated (Woody; brown lines) and herbaceous-dominated (Herbaceous; green lines) plots in 356 
functional and spectral spaces, showing the 50% and 99% quantiles of the TPD functions. The dissimilarity 357 
between woody and herbaceous plots was estimated using probabilistic overlap between their TPD functions in 358 
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the functional and spectral spaces (FD and SD, respectively). Nestedness values (Nest.) represent the 359 
proportion of the dissimilarity that is due to differences in the density of occupation in the parts of the functional 360 
space that are shared between the woody and herbaceous TPD functions. 361 

Functional structures of transects showed consistent shapes and density distributions, suggesting 362 

that all transects shared similar combinations of traits (Fig. S3). Accordingly, functional 363 

dissimilarities between transects were low (0.2 ± 0.09 std. dev.; Fig. S4). The regions with the 364 

highest probability density (i.e., 50 % and 75% of the total functional structure) were consistent in 365 

all the transects, showing highly nested functional structures (nestedness approaching 1 in all 366 

pairwise comparisons, Fig. S4). Compared to functional structures, spectral structures showed 367 

higher variation among transects but highly consistent patterns were present in the regions with the 368 

highest probability density (i.e., 50 % and 75% of the total spectral structure; Fig. S3). The high 369 

consistency observed in the patterns reflecting high probability areas, was further corroborated by 370 

the low values of dissimilarity found between transects (0.48 ± 0.19 std. dev.; Fig. S4). The high 371 

values of nestedness found between transects (range 0.74 - 1; Fig. S4), confirmed that transect 372 

dissimilarities derived from different abundance of spectral characteristics that are common to pairs 373 

of transects, rather than by transects occupying non-overlapping areas of the spectral space (Fig. 374 

S4). 375 

Comparisons of the functional and spectral structures of herbaceous-dominated and woody-376 

dominated plots revealed high coordination between patterns in space occupation at the plot level 377 

(Fig. 3). For example, the high probability density clusters (i.e., the parts of the space that contain 378 

between 50% and 70% of the total probability) of woody and herbaceous plots occupied distinct 379 

and almost unique portions of both functional and spectral spaces. We found high dissimilarity 380 

values between woody and herbaceous plot structures (FD = 0.83, SD = 0.84), stressing the 381 

distinction between the set of traits and bands of woody and herbaceous communities (Fig. 3).  382 
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 383 

Fig. 4 First two columns show the relationships between TD, FD, and SD and plot distances. Third and 384 
fourth columns show the patterns of TD, FD and SD along the sea-inland gradient. Plots are numbered 385 
increasingly from 1 (i.e., first plot in foredune) to a maximum of 52 (i.e., last plot in fixed dune) for each transect. 386 
All panels include fit line and R2 from GAMs; shaded area corresponds to 95% confidence interval for each 387 
diversity facet (SD: blue, FD: purple; TD: green). 388 

 389 

3.2 Diversity patterns along the environmental gradient 390 

All analysed diversities relationship with the sea-inland gradient were statistically significant (p 391 

< 0.001; Fig. 4, Table S3). TD showed a generally a linear increase at increasing plot distances. 392 

FD showed a general increase at increasing plot distance which tend to flatten at higher values 393 

of functional dissimilarities in the majority of transects. SD showed transect dependent patterns, 394 

with a general increase at increasing plot distances. 395 

diversity facets showed mainly significant relationships with the sea-inland gradient (Fig. 4, 396 

Table S2). TD showed a general positive non-linear trend along the sea-inland gradient, whereas 397 

FD showed a consistent slightly decreasing trend across transects. Likewise, SD mirrored 398 

FD along the sea-inland gradient, even though with variable extent depending on the transect 399 

under consideration. 400 
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 401 

Fig. 5. Taxonomical (TD), functional (FD), and spectral (SD) diversity partitions across spatial scales. Each 402 
column represents the total proportion of diversity detected in the whole study area (diversity), divided in three 403 
different levels: “within plots” showing the proportion of diversity at plot level (-diversity; azure colour); “within 404 
transect” showing the proportion of diversity at transect level (-diversity between plots; light blue colour); and 405 
“study area” showing the proportion of diversity between transects (-diversity between transects; dark blue 406 
colour). 407 

 408 

3.3 Partition of diversity across spatial scales 409 

Diversity facets partitioned differently across scales (Fig. 5). The highest portion of TD variation 410 

was found within and between transects (ca. 44.6 % and 42.2% of its total variation; respectively). 411 

Conversely, FD varied mostly within transect and especially at plot scale (ca. 60.5%). SD mirrored 412 

TD patterns, displaying the highest variation at transect level (i.e., -diversity between plots and 413 

transects) accounting for about 77% of the total variation. 414 

4. Discussion 415 

Approaches based on remote sensing data allows for affordable and continuous estimations of 416 

biodiversity across large areas, which is fundamental to cope with ongoing global change (Jetz et 417 

al., 2016; Reddy et al., 2021). Using fine-scale airborne multispectral remote-sensed images on 418 

coastal dune ecosystems, we explored the ability of remote sensed imagery in approximating 419 
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diversity patterns across different spatial scale and along environmental gradient. For this, we 420 

expressed SD as a probabilistic distribution, effectively using a common analytical framework for 421 

both SD and FD that allows to seamlessly estimate changes in diversity across spatial scales while 422 

accounting for all components of diversity. We showed that SD was more strongly related to FD 423 

than to TD. We displayed a clear correspondence between the functional and spectral structure of 424 

plots and transects, although the partitioning of SD seemed to mirror the taxonomical one. These 425 

results suggest that fine-resolution SD is a good proxy of different facets of diversity, confirming 426 

its potential to detect spatial changes in diversity patterns. 427 

4.1 Correspondence among functional structure, spectral structure, and species 428 

composition 429 

As hypothesised, we found clear relationships between SD and FD both within- (and between-430 

plot (diversity (Fig. 2). The strong correlations between functional and spectral dissimilarities 431 

imply that there is a strong correspondence between functional and spectral structures: changes in 432 

traits of communities corresponded to changes in band values. Results were consistent also consid-433 

ering univariate components of functional and spectral variation such as richness, although rela-434 

tionships were more variable in strength and slope depending on the transect under consideration 435 

(Fig. 2). Richness has a peculiar behaviour compared to full functional and spectral structures. This 436 

is because richness considers only the amount of space comprised in the 99% probability threshold 437 

and not how species (and pixels) occupy functional (and spectral) space (Carmona et al., 2016). 438 

Consequently, richness is strongly influenced by species (and pixels) composition, thus is less sta-439 

ble than the full structures of a community and could potentially be more influenced by the sam-440 

pling resolution of a study (Pakeman, 2014; Carmona et al., 2016). Therefore, we hypothesize that 441 

the transect-dependant variability of functional and spectral relation may result from the resolution 442 

mismatch of functional and spectral samplings in our study.  443 

Collecting functional traits can be a time-consuming process (Homolová et al., 2013) constrained 444 

by operative limits given by the number of species to sample, the replicates per individuals, the 445 

number and type of traits chosen, which all together contribute to define the functional space under 446 

investigation. In contrast, the nature of remote sensing samplings allows for the detection of the 447 

full set of traits influencing the spectral signal of each individual of the spectral image, depending 448 

on the spatial and spectral resolutions at which images are taken (Wang & Gamon, 2019; Cavender-449 

Bares et al., 2020). Consequently, variation in SD derive from species presence, abundances, and 450 

interspecific variability of the complete set of features defining single individuals’ spectra. In our 451 

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 8, 2023. ; https://doi.org/10.1101/2023.02.07.527269doi: bioRxiv preprint 

https://doi.org/10.1101/2023.02.07.527269
http://creativecommons.org/licenses/by-nd/4.0/


18 
 

study, operative limits constrained the functional sampling to a species-level generalization of in-452 

dividuals, without including intraspecific trait variability. Conversely, SD was a snapshot of un-453 

derlining individuals, with multiple replicates (i.e., pixels) per individual depending on individuals’ 454 

size. Therefore, for instance, plots containing the same species but occupying distinct positions in 455 

the sea-inland gradient might possess inter-individual differences in space occupation that spectral 456 

structure can account for, whilst the same level of detail cannot be reached by the functional struc-457 

ture as estimated in this study (but see Wong & Carmona, 2021 for alternative approaches to in-458 

corporate intraspecific trait variation in FD estimations). As a result, this mismatch in sampling 459 

resolution may influence the strength of the relationship, producing different R2 across transects. 460 

However, despite the difference in resolution between functional and spectral samplings in this 461 

study, the strong relation between SD and FD suggests that SD is indeed able to retrieve the func-462 

tional structure of the studied communities. Consistently, functional and spectral structures of 463 

woody- and herbaceous-dominated plots showed strong correspondence, demonstrating that differ-464 

ences in functional space occupation between woody and herbaceous species (as also shown in the 465 

global spectrum of plant form and function; Carmona et al., 2021a; Díaz et al., 2016) are analogous 466 

also in the correspondent spectral space (Fig. 3). This similarity in space occupation stress the 467 

potential of SD in approximating multivariate FD patterns, resulting promising to directly assess 468 

community and ecosystem changes (Díaz et al., 2016; Joswig et al., 2022). Consistent results were 469 

found also across spatial scales, with transect spectral structures mirroring the same pattern of the 470 

functional ones (Fig. S3-S4).  471 

The lack of a significant relationship between TD and SD as well as the influence of FD 472 

in defining TD and SD correlation, suggested that fine resolution multispectral SD failed to 473 

detect the taxonomical component of biodiversity (Fig. S1). This result contrasts with previous 474 

research on the same ecosystems (see Marzialetti et al., 2021 which used a 3m pixel resolution), 475 

but can be explained by the resolution of the images used in our study. The fine pixel resolution 476 

we used (~ 3 cm) provides leaf details which might better approximate leaf-level functions (Caven-477 

der-Bares et al., 2017), while failing in capturing the features that additively define a species as a 478 

taxonomic entity. Whereas for the estimation of species richness all species are completely unique, 479 

this is not the case for functional or spectral diversity, where we need to consider the role of redun-480 

dancy (Cadotte et al., 2011). Different species can occupy similar positions in the functional/spec-481 

tral space, irrespective of their taxonomic identities, influencing TD-SD relationships (Schmidtlein 482 

& Fassnacht, 2017; Fassnacht et al., 2022). Consistently, diversity correlations lacked a clear 483 

and significant link between the spectral and taxonomical component, pointing toward a hidden 484 
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influence of FD as highlighted by partial Mantel tests and variation partitioning. However, we can-485 

not exclude that finer spectral resolution (i.e., hyperspectral) could be capable to discriminate the 486 

whole set of traits needed to identify the spectral signal of a species as a distinct taxonomic unit 487 

(Ustin et al., 2009; Gamon et al., 2020).  488 

4.2 Diversity patterns along the environmental gradient  489 

Patterns along the sea-inland gradient were in agreement with what already described in literature 490 

(Acosta et al., 2008), both in its  and  taxonomical component.  491 

The saturation of higher plot functional dissimilarities at increasing plot distances (Fig. 4), suggests 492 

that the higher portion of FD variation is independent from the distance between plots. Indeed, 493 

species co-occurring in foredune plots (e.g. Xanthium orientale, Euphorbia paralias, Echinophora 494 

spinosa) as well as species co-occurring in inland plots (e.g. Juniperus macrocarpa, Seseli 495 

tortuosum, Helichrysum stoechas; Ciccarelli & Bona, 2022) show a different set of traits, 496 

suggesting a differentiation in functional strategies of co-occurring species (Fig. 1). Therefore, 497 

depending on the species composition, adjacent plots may possess higher dissimilarities than 498 

distant ones, leading to weak relationships with the sea-inland gradient. However, in agreement 499 

with Carboni et al. (2013), FD decreased proceeding landward, suggesting that species closer to 500 

the sea are more functionally different than inland ones. Indeed,  foredune communities are less 501 

redundant in species functional strategies (e.g. Pancratium maritimum, Salsola tragus, Xanthium 502 

orientale) compared to inland ones (Silene otites, Centaurea aplolepa subsp. subciliata, Hieracium 503 

picenorum; Acosta et al., 2006; Fig.1), suggesting that plants can cope with harsh environmental 504 

conditions through different ecological strategies (Rota et al., 2017).  505 

Depending on the considered transect, SD along the sea-inland gradient mirrored FD, whereas 506 

diversity relationships showed a more linear increase than the functional one (Fig. 4). As 507 

discussed above, this mismatch between functional and spectral variation may result from the 508 

resolution mismatch between functional and spectral samplings. Moreover, we should consider that 509 

plant spectral variation depends on vegetation size (Conti et al., 2021) and complexity (Hauser et 510 

al., 2021) so that larger individuals occupy larger portions of the spectral space (Schweiger et al., 511 

2021). Therefore, differences in individuals’ size, vertical complexity and traits along the sea-512 

inland gradient (Tordoni et al., 2019) may increase SD variation, amplifying dissimilarity between 513 

plots sharing the same species in a way that cannot be mirrored by the FD sampling as performed 514 

here. Altogether, these differences result in slightly different patterns of SD and FD along the sea-515 

inland gradient. 516 
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4.3 Partition of diversity across spatial scales 517 

In agreement with previous studies (Del Vecchio et al., 2018; Tordoni et al., 2018), we observed 518 

that the highest portion of taxonomical variation occurred at transect level (Fig. 5). This can be 519 

explained by differences in dune structure that produce small-scale differences in abiotic conditions 520 

along the sea-inland gradient which, in turns, generate the observed differences in species richness 521 

at broader scales (Acosta et al., 2008; Tordoni et al., 2018). 522 

In contrast, more than 60% of the FD variation was found at plot level (Fig. 5), showing that 523 

differences in traits between co-occurring species are comparable to differences found at broader 524 

spatial scales. This taxonomical-functional disequilibrium in diversity partition was already 525 

observed in other ecosystems (de Bello et al., 2009; Carmona et al., 2012) and across taxonomical 526 

groups (Silvestre et al., 2021). Accordingly, we detected consistently higher functional differences 527 

between plots than between transects (Fig. S2 – S4). The prominent role of nestedness in explaining 528 

plots’ functional dissimilarities further corroborated this pattern: indicating that functional 529 

differences between pairs of plots were due to differences in how densely the same areas of the 530 

functional space where occupied, rather than each plot occupying exclusive areas of the functional 531 

space. Transects showed similar patterns in functional space occupation, further stressing that most 532 

of the realisable trait combinations of dune ecosystems were already expressed at smaller spatial 533 

scales. This result is in line with recent efforts showing that FD is highly preserved within 534 

ecosystems even at the global scale (e.g. Testolin et al., 2021), stressing the effect of lower scale 535 

abiotic filters in the selection of the suite of traits occurring in a given site. 536 

Compared to FD, we found larger proportions of SD variation at broader scales (i.e., among plots 537 

and transects, Fig. 5). Surprisingly, we also detected a difference in partitioning between FD and 538 

SD contrarily to our expectations, but this may be reconciled by what already explained above 539 

about sampling mismatch between these facets. Indeed, being SD the product of multiple within-540 

individual replicates, it could potentially exacerbate inter- and intra-individual variation that will 541 

magnify lower spatial scale differences, while additively contributing to define broader scales 542 

species’ spectra. Higher SD were observed at plot level compared to transect ones, confirming 543 

that spectral variation is realized within transects rather than between them. Additionally, spectral 544 

dissimilarities between pairs of transects were mostly due to differences in the areas of the spectral 545 

space that were not very densely occupied, whereas the high density portions (spectral “hotspots” 546 

sensu Carmona et al., 2021b) showed a high degree of overlap (Fig. S3 - S4) suggesting  that 547 

transect variability results mostly from differences in the expression of the same spectral features. 548 
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In other words, vegetation from different transects shares a recurrent set of functional traits that 549 

can be remotely detected by SD. 550 

5. Conclusion  551 

Biodiversity detection through remote sensing is a promising tool for addressing ongoing global 552 

changes. Yet, before we can consider this tool as a reliable one for biodiversity monitoring, major 553 

gaps on the relationships between biodiversity facets and the remote sensed signal should be filled. 554 

Here, we applied to spectral diversity an approach (TPD) that allows examining all aspects of func-555 

tional diversity for multiple traits by applying a probabilistic formalization. We show that using the 556 

TPD approach for estimations of spectral diversity allows to consider all aspects of spectral varia-557 

tion simultaneously, so that both FD and SD can be analysed with a congruent set of analytical 558 

methods. Using these methods, we showed that SD consistently covaried with FD at different spa-559 

tial scales. By contrast, we did not observe a similar degree of covariation between SD and TD, 560 

suggesting that detecting the taxonomical signal is a more complex task, probably due to many 561 

species being redundant in their spectral signal. Despite the ability of SD to detect FD patterns, we 562 

found that while most of FD variation was found at the plot level, SD variation was more homoge-563 

neously distributed across spatial scales, probably because the spectral signal incorporates intra- 564 

and inter-individual differences. Since this same level of sampling detail is not always achievable 565 

when collecting functional trait data, SD appears as a powerful surrogate to estimate the functional 566 

structure of plant communities while accounting for the relative contribution of intraspecific trait 567 

variability. 568 
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