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(Detection) Y, | Zsy ~ B(dy - Zs(v))

e Explicit likelihood to maximize
(only dependingon g, d, andy,)
e Models fory_andd could be:
o Sigmoid of linear predictors

o Sigmoid of neural network

(@]

e Multiple independent species:
product of the likelihood
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Citizen science programs - Opportunistic data
eg. A Pl@ntNet
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Citizen science programs - Opportunistic data
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Challenges with these data

Massive datasets (e.g. a subset of Pl@ntNet):
e 2,605,648 observations
e 12,289 species

Unbalanced over space:
e Paris: 971.7 observations per km?
e Creuse: 1.1 observations per km?
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Bellis perennis:

=¥» Require efficient

implementation
(data structure, optimizer...)

=» Heterogeneous and

complex patterns
(non-linear effects, detection process...)
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OccuPYcy

e Implementedin @ python’, relying on O PyTorch, and inspired by the
syntax of unmarked (R package)

¢ Maximum Likelihood Estimation — multiple optimization methods

o LBFGS, SGD, Adam, ...
o L2/ L1regularizations on parameters/ probabilities
o Cross-validation routines for hyperparameter tuning

e Flexible models for occupancy and detection

o Predefined models — e.g. sigmoid of linear, sigmoid of neural networks...
o Customisable: user-defined models from equation, formula, architectures...

e Suitable for large, heterogeneous datasets
o Sparse data structures, dataloaders, and stochastic optimization
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Model for occupancy logit

Number of parameters
Linear models only

(W)

Constant 1,590 2,385 5,565
Constant - H H
Rescaled log-likelihood 035
. Linear(Year) 2,385 3,180 6,360 105 4
on test data 0s0 3
Linear(Year) - g Linear(Year,Covs) 1 21,465 22,260 25,440 S—:
=*» O Is poor 025 =
. | Linear(Year) =
as with constant models for 020 £ +er(cens)
Linear(Year,Covs) S
(p ClﬂO’ C/ L 0.15 2 MLP(Year,Covs)
Y
_ =» 1is excellent [ 0.10 N -
Linear(Year) | ) ) S & & s
+ MLP(Covs) as with site-level oracle (yp [ 0.05 T Y & Models with
and d constant per site, reesreara — MLP in both
: L 0.00
MLP(Year.Covs) trained on test data)
X Q 2\ Q o\
é?’(\ R o‘\o) 1o 004(9
& & < (\QO R
C &° R 20N &
s & ST X
(o) \%
& x D
>

Model for detection logit(d )



Number of parameters

Linear models only

—_ Constant | 1590 2,385 5,565
= Constant
> 0.35 .
= Linear(Year) 2,385 3,180 6,360
+ =
5 030 =
O Linear(Year) %'—ineaf(Yeaf-COVS) 21,465 22,260
- 025 2
-
o = Linear(Year)
: | 020 S + MLP(Covs)
g Linear(Year,Covs) ;
- 0.15 & MLP(Year,Covs)
- | 4
o X QO O Q. o
~ 2 & 2 &
8 Linear(Year) | AdamL2  AdamL2 - 0.10 R R
+ MLP(Covs) | 0-109 0.111 & 0‘& 0:“\3 @3&
6 005 ¥ Model logit(d)
P odel logi
o AdamL2  AdamL2 —-0.00 o e e o e
T  MLP(Year,Covs) 1 0.129 0.131 i S
§ ' MLP models :
' ' - I« ”
S & S S P Modelswith | “extrapolate” better |
N & X Ve > /
S & % RS < MLP in both
S & & &Y ! on test data I
o RS VS ] /
.00 X @V \ —
\> —-— - N S - - - —-_— - - -_— -

Model for detection logit(d )

=
o
o]

=
o
2

Number of Parameters



Fitted detection probability

Quercus robur Bellis perennis
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Current and future directions

e Plant trend estimation using OccuPYcy on opportunistic data
Manuscript in preparation

e OccuPYcy package will be released soon (end of June ¢ )

Contact us if you're interested
Github URL when released: https./github.com/RaphBnrd/OccuPYcy

e Ecological interpretation of the results

e Uncertainty quantification on deep occupancy models
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