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● Explicit likelihood to maximize
(only depending on ψs, dv and yv) 

● Models for ψs and dv could be:
○ Sigmoid of linear predictors

○ Sigmoid of neural network
○ …

● Multiple independent species:
product of the likelihood
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Citizen science programs - Opportunistic data
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“Same thing there, I also 
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Unbalanced over space and time:  
● Paris: 971.7 observations per km2

● Creuse: 1.1 observations per km2

https://www.tela-botanica.org/eflore/consultation/popup.php?module=popup-illustrations&action=fiche&referentiel=bdtfx&id=18220


Massive datasets (e.g. a subset of                  
in metropolitan France):
● 2,605,648 observations
● 12,289 species

Challenges with these data
➜Require efficient

implementation
(data structure, optimizer…)

➜Heterogeneous and complex
patterns 
(non-linear effects, detection process…)

Number of detections per month
Bellis perennis:

Image: Pierre Bonnet on iNaturalist
5

Unbalanced over space and time:  
● Paris: 971.7 observations per km2

● Creuse: 1.1 observations per km2

https://www.tela-botanica.org/eflore/consultation/popup.php?module=popup-illustrations&action=fiche&referentiel=bdtfx&id=18220


OccuPYcy (in prep)

● Implemented in                  , relying on                  , and inspired by the 
syntax of unmarked (R package)

6



OccuPYcy (in prep)

● Implemented in                  , relying on                  , and inspired by the 
syntax of unmarked (R package)

● Maximum Likelihood Estimation – multiple optimization methods
○ Traditional optimizers: LBFGS
○ Stochastic optimizers: SGD, Adam…
○ Regularizations
○ Hyperparameter tuning

6



OccuPYcy (in prep)

● Implemented in                  , relying on                  , and inspired by the 
syntax of unmarked (R package)

● Maximum Likelihood Estimation – multiple optimization methods
○ Traditional optimizers: LBFGS
○ Stochastic optimizers: SGD, Adam…
○ Regularizations
○ Hyperparameter tuning

● Flexible models for occupancy and detection
○ Ready to use models
○ Customizable options

6



OccuPYcy (in prep)

● Implemented in                  , relying on                  , and inspired by the 
syntax of unmarked (R package)

● Maximum Likelihood Estimation – multiple optimization methods
○ Traditional optimizers: LBFGS
○ Stochastic optimizers: SGD, Adam…
○ Regularizations
○ Hyperparameter tuning

● Flexible models for occupancy and detection
○ Ready to use models
○ Customizable options

● Suitable for large, heterogeneous datasets
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on test data
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Fitted detection probability

Images: Paul Fabre and Pierre Bonnet on iNaturalist

Quercus robur Bellis perennis Papaver rhoeas
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Occupancy: logit( ψi,t ) = coef x year + MLP( bioclim, land use )
Detection: logit( dv ) = MLP( year, sin-cos Day of year, sin-cos Time in day )

http://www.tela-botanica.org/eflore/consultation/popup.php?module=popup-illustrations&action=fiche&referentiel=bdtfx&id=17403
https://www.tela-botanica.org/eflore/consultation/popup.php?module=popup-illustrations&action=fiche&referentiel=bdtfx&id=18220


Trend estimation

Over 795 species based on 2,605,648 
Pl@ntNet observations
in metropolitan France (sites = yearly 25 x 25 km2 cells) 9

Occupancy: logit( ψi,t ) = coef x year + MLP( bioclim, land use )
Detection: logit( dv ) = MLP( year, sin-cos Day of year, sin-cos Time in day )



Key messages

● Occupancy models can be applied on opportunistic citizen 
science data to take advantage of their large volume

● They enable bias correction for species trend estimation
(preprint coming soon)

● Deep learning architectures can be incorporated into 
occupancy models (OccuPYcy package coming soon)
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