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1. Context of the study

Nature 486, 59–67 (June 7, 2012)

How to assess and monitor biodiversity?

Where are the species and areas of primary

importance? 



Remote sensing for mapping or predicting biodiversity
(Nagendra 2001, Duro et al. 2007, Gillespie et al. 2008) 

1. Context of the study

(1) Direct approach

(2) Indirect approach
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- Exploring the potential of unclassified imagery to predict

bird species richness in France

- Comparing the performance of bird-habitat models based

on continuous and discrete representation of habitats

2. Aims of the study

?
© Clara Ferrari
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Why birds?

2. Aims of the study

- Well-known taxon with large dataset available at national scale

- Sensitive to global change (Jiguet et al., 2007; Julliard et al., 2004)

Abundance index 

of bird population

(Source : MNHN)

Evolution of common bird populations abundance (STOC)



Bird data:

� French Breeding Bird Survey (STOC program - MNHN)

- Square of 2x2 km including 10 bird point counts visited twice

- 1094 squares recorded in 2010 throughout the France

3. Material

2 km
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Bird data:

� French Breeding Bird Survey (STOC program - MNHN)

- Square of 2x2 km including 10 bird point counts visited twice

- 1094 squares recorded in 2010 throughout the France

3. Material

Response variables (for each square) :

� Taxonomic diversity (sp. richness) : woodland species, farmland

species, urban species, generalist species, sum of the four groups

� Functional diversity: Community Trophic Index (CTI), Community

Specialization Index (CSI) (Julliard et al. 2006 ; Devictor et al., 2008)



Remotely-sensed data:

� (1) MODIS image time-series

- Vegetation index (NDVI & EVI)

- 16-day composit product at 250-meter (MOD13Q1)
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NDVI

Source : Atzbergeret al., 2014

Provide information about the 

vegetation state and functioning
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� (1) MODIS image time-series

- Vegetation index (NDVI & EVI)

- Land Surface Temperature (LST Day)

- 8-day composit product at 1km (MOD11A2)

3. Material

Variations according to land cover type and 

fractional vegetation cover as well as soil moisture
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two landscape representations:
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longitudinal data

(Genolini et Falissard 2011)
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Remotely-sensed data:

� (1) MODIS image time-series

- Vegetation index (NDVI & EVI)

- Land Surface Temperature (LST Day)

3. Material

Explanatory variables based on

two landscape representations:

(2) Discrete-based variables

% of functional classes within the 

STOC squares of bird surveys

(1) Continuous-based variables

Mean and variance of NDVI/LSTD index

within the STOC squares of bird surveys

STATE FUNCTIONING



Remotely-sensed data:

� (2) MODIS Vegetation Continuous Field (VCF) product

- % tree cover per pixel (250-meter)

- Regression tree classification (Townshend et al. 2001)

3. Material



Remotely-sensed data:

� (2) MODIS Vegetation Continuous Field (VCF) product

- % tree cover per pixel (250-meter)

- Regression tree classification (Townshend et al. 2001)

3. Material

Explanatory variables based on

a continuous landscape representation:

Mean and variance of VCF pixels

within the STOC squares of bird surveys

STATE



Land cover data:

� (3) CORINE Land Cover

- The only land cover database covering all of France

- Dating from 2006, minimum mapping unit = 25ha

3. Material



Land cover data:

� (3) CORINE Land Cover

- The only land cover database covering all of France

- Dating from 2006, minimum mapping unit = 25ha

3. Material

Explanatory variables based on

a discrete landscape representation:

% of land cover classes

within the STOC squares of bird surveys

STATE



3. Material

Artificial areas

Agricultural areas

Forest and seminatural areas

Wetlands

Water bodies

Land cover data:

� (3) CORINE Land Cover



Data for regionalization:

� 3 kinds of strata

3. Material

Eco-forestry strata Agricultural strata Climatic strata
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5. Results

Bird species richness explained by continuous representation
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Bird species richness explained by continuous representation

NDVI & EVI, LSTD, VCF



5. Results

Bird species richness explained by discrete representation
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Bird species richness explained by discrete representation

CORINE, Functional classification



5. Results

Comparison: continuous versus discrete representation



5. Results

Best acquisition period

e.g. NDVI (without strata)
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5. Results

Toward mapping bird species richness at national scale

e.g. Species Richness of forest birds

0 - 2
2 - 4

4 - 6
6 - 8

8 - 10
10 - 12
> 12

Nb of species

NDVI at the best time period

D2 = 44,6 %, AIC = 4414

CORINE data

D2 = 29,8 %, AIC = 4605



� Bird richness patterns are always better explained by

continuous data

� ∆%D² = 17% between VCF and CORINE for SR.Fores

� ∆%D² = 21% between VCF and CORINE for SR.Agri

� ∆%D² = 25% between VCF and CORINE for SR.Urb

� Model performance using the VCF product (continuous data)

is always better than other data

� Small difference with NDVI for SR.Fores (∆%D² = 4%) but

higher difference for SR.Agri and SR.Urb (∆%D² = 16%)

Conclusions



� Functional classification (discrete representation) is another

alternative to explore more deeply

� Always better performance than CORINE Land Cover

� Close performance to NDVI for SR.Fores, SR.Agri, SR.Urb

� Strong influence of the data acquisition period as well as the

use of strata

� e.g. +32% (D²) for SR.Fores with the best period

� e.g. +13% (D²) for SR.Agri with strata

Conclusions



� Dealing with spatial autocorrelation (Dormann et al. 2007)

� Including additional environmental variables

� Exploring phenological variables

� Testing and assessing the models for other years

Outlook
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� Dealing with spatial autocorrelation (Dormann et al. 2007)

� Including additional environmental variables

� Exploring phenological variables

� Testing and assessing the models for other years

Outlook



Thank you!

Any questions?

david.sheeren@ensat.fr



5. Results

Best acquisition period



5. Results

Data complementarity (without strata)



5. Results

Predictive power: Spearman’s Rho and RMSE (3-fold cross-validation)



Functional diversity

Community Specialisation index

SSI = Variation Coef. of the species density

across habitat

Generalist species: little variation of densities

Specialist species: high variation of densities

Community Trophic index

Replace SSI by STI

STI based on the 

position of a species within a trophic

chain of 3 levels, those of vertebrates

eating vegetables, invertebrates or 

vertebrates


