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Modelling the whole observation process

Wildlife observation platforms, such as
Pl@ntNet, are increasing in popularity,

oroviding valuable data for biodiversity Input data Bayesian network with learnable latent variables Observed output
monitoring. ” ' i ﬁw
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But observations often capture more Soc. eco. : ’ ) T PIBEESS
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biodiversity trends.

R(xz,t) = P(Y|S(z,t),H(x,t))
Observation K_H Reporting
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Loss function
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