Towards temporal trends in plants
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Combining occupancy models and deep learning algorithms
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Species Distributions
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How do we get data?
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Citizen Science Programs - Opportunistic data

S Pl@ntNet

“Hey, today | found this plant species here!”



In opportunistic data, people observe

=*» wherever they want
=» whenever they want

=» whatever they want
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Trend estimation methods on PO data

Poisson
Method regression with Frescalo Occupancy
TGB
Sampling bias
Detection & reporting bias ) ¢ X

Example of Poisson with TGB:  Ngp__ cell;,¢ ~ P (NTGB X %k, (&) TFk t)
Frescalo: corrects sampling bias using information from “neighborhoods”

TGB: Phillips et al. 2009, Botella et al. 2020, Lasgorceux et al. 2024 [1-3] ; Erescalo: Hill 2012, Eichenberg et al. 2021, Goury et al. 2025 [4-6] ;
Occupancy: MacKenzie et al. 2002, van Strien et al. 2013 [7-8]
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Occupancy models
(single species) - (Presence) Z, " B(y,)

(Detection) Y, |Zs('v) S B(d., ZS(v))

O\
e Explicit likelihood to maximize

o (only depending on y?®, d¥and yY)
Visit v

in site s(v)

N\ e Models for p*and dY could be
anything,

e.g. for spatio-temporal sites:

= Ly = 1 'd t
Presence Detection Vs = Peell;,¢ = sigmoid(a + F1)

in site s(v) visit v in site s(v) . .
or 1, = sigmoid (NN(X))

MacKenzie et al. 2002 [7]



http://www.flaticon.com

In Mmetropolitan France:

Issues with Pl@ntNet data e 26 Million observations

e 14 Million annotated
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=P Scalability and reliability of the estimates

Frescalo: Occupancy:
Inefficient implementation... e unmarked: memory issues
e Bayesian: computational time

Proportion



New implementations

Frescalo: Fast implementation in R...
But still quadratic = heavy for small resolutions

Occupancy:
e Sparse implementation in scipy I 1
o Gradient based optimization o
o MLE and penalized versions 1T NA NA .. NA
VISItS

e Stochastic Gradient Descent in torch

o Suitable for large datasets
o Possible extensions to neural networks



Tests on realistic simulated data

Dataset: iid
zs ~ N(0,1) ; logit(vs) =a+ Bz, ; logit(d,) =7+ 0z,

Nbr. Visitss oc el s

e Similarto 50 km cell size and ~100 detections out of 1 million visits

Fitting:
e MLE grid search
e MLE gradient based

=P Are occupancy MLE estimates reliable?
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Trend estimation reliability
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Real data - trend estimation (pearson correlations)
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Real data - trend eStimation'(Pearson correlations)
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https://inpn.mnhn.fr/espece/cd_nom/94247
https://inpn.mnhn.fr/docs/LR_FCE/Liste_rouge_Flore_vasculaire_Metropole_2018.pdf
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