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Biodiversity crisis is now attracting significant attention  







https://www.unep-wcmc.org/resources-and-data/towards-an-approach-for-species-accounting

Broad approaches to monitoring biodiversity change  
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Broad approaches to monitoring biodiversity change  



Modelling and mapping of continuous patterns in collective 
properties of biodiversity

Local richness (alpha diversity) at location A = 

f (abiotic environment, biogeographic history, human disturbance, etc)

Compositional dissimilarity (pairwise beta diversity) between locations A

and B = f (differences in abiotic environment, biogeographic isolation etc)

Location A

Location B



Biodiversity Habitat Index (BHI) 

Local habitat condition 
(intactness) - statistical 
downscaling of land-use change 
using MODIS remote sensing

Biologically-scaled 
environments (ecosystems)
- modelling of spatial variation in    
biodiversity composition (beta 
diversity) using data for > 400,000 species

Biodiversity Habitat 
Index (BHI) 
- estimated proportion of habitat 
remaining within biologically-scaled 
environments

• Combines remotely monitored habitat 
condition with modelled spatial 
variation in biodiversity composition 

• Derived at 1km grid resolution across 
the entire land surface of the planet   
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The BHI is recalculated, using remote-sensing inputs from different years, to 
report change in habitat retention across all biologically-scaled environments     

Biodiversity Habitat 
Index - 2015

Habitat condition - 2015

Ecoregion: IM0102
Borneo Lowland 
Rain Forests 
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occurring within 
any given spatial 
unit (e.g. country, 
ecoregion, the 
entire planet)        
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Broad approaches to monitoring biodiversity change  





30 metres

The coarser pixel resolution of spaceborne imaging 
spectroscopy presents a major challenge  
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Can pairwise beta-diversity (across space and/or time) 
be estimated directly from composite spectral profiles?   

?



Modelling and mapping of continuous patterns in collective 
properties of biodiversity

Local richness (alpha diversity) at location A = 

f (abiotic environment, biogeographic history, human disturbance, etc)

Compositional dissimilarity (pairwise beta diversity) between locations A

and B = f (differences in abiotic environment, biogeographic isolation etc)

Location A

Location B



Generalised dissimilarity modelling (GDM)
Ferrier, S et al (2007) Diversity & Distributions
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Pedro Leitão’s work    



Mapping Cerrado woody plant community turnover with 
spaceborne imaging spectroscopy data
Pedro J. Leitão,
Marcel Schwieder, Fernando Pedroni, Maryland Sanchez, José R. R. Pinto, 
Mercedes Bustamante, Patrick Hostert
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Motivation & Aims:

• Mapping and monitoring spatial patterns of 
community composition and turnover using 
spaceborne imaging spectroscopy

• Develop an operational method capable of dealing 
with high-dimensional and high-collinear remote 
sensing data

The EnMAP is one of several forthcoming spaceborne 
imaging spectroscopy missions
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Methods:

• Sparse Generalized Dissimilarity Modelling (SGDM)

SCCA

GDM GDM

Remote Sensing 
Data Cube

Biodiversity Data Community 
Dissimilarity

Canonical 
Components Community 

Composition 
Map

KnnINMDS

Signif.
test

SGDM
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Methods:

• Sparse Generalized Dissimilarity Modelling (SGDM)

• Generalized Dissimilarity Modelling (GDM)

• A statistical technique for analysing and predicting 
patterns of turnover in community composition

• Fits non-linear functions on the environmental 
variables to predict compositional dissimilarity

• Affected by data collinearity
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Methods:

• Sparse Generalized Dissimilarity Modelling (SGDM)

• Sparse Canonical Correlation Analysis (SCCA)

• Supervised transformation approach

• Used in genetic research, where typically number of features is much 
greater than number of samples

• Transforms two matrices in order to maximise the correlation between them

• Based on penalised (Lasso) regression, thus downweighting redundant data

• Capable of (and designed for) dealing with high-dimensional and high-
collinear datasets
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Methods:

• Sparse Generalized Dissimilarity Modelling (SGDM) sgdm Package

 2015, Description of the SGDM 
method

 2017, Description of the sgdm R 
package

 2018, Mapping Cerrado woody 
plant communities
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Data:

• Woody plant inventory data following a systematic sampling scheme
(RAPELD adapted to the Cerrado)

Floristic gradients

PESA:
• 65 samples
• 184 species

PNCV:
• 29 samples
• 94 species
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Data:

• Hyperion (hyperspectral) data

• Pre-processing:
• Radiometric correction
• Correction for pixel shift, striping, keystone & smile
• Atmospheric correction
• Geometric correction
• Spectral smoothing

• Post-processing:
• Data quality screening > 81 spectral bands remaining per image



4.03.2020 | Leitão et al. | SBG Webinar |  page 9

Results:

R2 = 0.392R2 = 0.710

PESA PNCV
• Woody plant community maps
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Results:

• Spectral band contribution
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Conclusions & Discussion

 Our method allowed for mapping species community turnover
using spaceborne imaging spectroscopy

 Relevant considerations/challenges for the generalization of
SGDM include:

 The method is not suitable for data extrapolation
(i.e. models need to include the full data space)

 Input spectral data needs to be harmonized
 It is sensitive to

 Detection/correction of atmospheric effects
 Topographic/shading effects
 Phenological changes

 Sensitivity to temporal or physiological changes needs to be
tested
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Thank you for your attention

p.leitao@tu-bs.de

@steppebird
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Where to from here? – strategies for accessing or 
generating data to further test and develop ideas 

➢ Combine existing spaceborne hyperspectral data (e.g. 
Hyperion archive) and coincident existing vegetation plot 
data (e.g. sPlot database)

➢ Simulate spaceborne hyperspectral data by aggregating 
existing airborne data (e.g. AVIRIS) across areas with 
existing vegetation plot data

➢ Commission spaceborne data (e.g. DESIS) across areas 
with existing vegetation plot data 

➢ Collect new vegetation plot data across areas with good 
spaceborne and/or airborne hyperspectral data coverage 



EO-1 Hyperion:

archive scenes

Vegetation plots

Over 93,000 of the 1.12 million vegetation plots in the 

sPlot database fall within Hyperion scenes 
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Where to from here? – numerous challenges in refining 
and extending the analytical approach – for example …  

➢ Accommodating shorter-term temporal dynamics 
(seasonality, drought, fire etc)    

➢ Disentangling natural and anthropogenic drivers of 
variation in community composition 

➢ Coupling spaceborne imaging spectroscopy with 
other cutting-edge observation technologies – e.g. 
eDNA / metabarcoding / metagenomics 







Turner, W (2014) Science
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