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Climate change and olive phenology
(2014) Impacts of climate change on olive crop evapotranspiration and irrigation requirements in the Mediterranean region
Lazar Tanasijevic, Mladen Todorovic, Luis S. Pereira, Claudia Pizzigalli, Piero Lionello 

(2014) Fine-scale ecological and economic assessment of climate change on olive in the Mediterranean Basin reveals winners and losers
Luigi Pontia, Andrew Paul Gutierrez, Paolo Michele Ruti and Alessandro Dell’Aquila



BBCH scale
In biology, the BBCH-scale for olive describes the phenological development of olive trees.

The phenological growth stages and BBCH-identification keys of olive trees are:



DEMETER project
DEMETER project https://h2020-demeter.eu/

DEMETER’s goal is to lead the digital transformation of Europe’s agri-food sector through the rapid adoption of advanced 
IoT technologies, data science and smart farming, ensuring its long-term viability and sustainability.

https://h2020-demeter.eu/


Copernicus’ ERA5 climate reanalysis data
Copernicus’ ERA5 climate reanalysis data https://climate.copernicus.eu/climate-reanalysis

• Monitoring of phenology in olive orchards in Tuscany (Italy) for three years (2008-2010). For each olive orchard, five 
olive trees located in the core area of the orchard were observed with homogeneous and good health conditions, 
omitting those trees at the edge.

• For each phenological observation temperature history was extracted from the ERA5, ECMWF atmospheric reanalysis 
open access service, supported by Copernicus Climate Change Service.

• In order to register the phenological evolution of those orchards, the BBCH scale was employed.

https://climate.copernicus.eu/climate-reanalysis


Dataset
(2021) Comparison of Climate Reanalysis and Remote-Sensing Data for Predicting Olive Phenology through Machine-Learning Methods
Izar Azpiroz, Noelia Oses, Marco Quartulli, Igor G. Olaizola, Diego Guidotti and Susanna Marchi



(2021) Comparison of Climate Reanalysis and Remote-Sensing Data for Predicting Olive Phenology through 
Machine-Learning Methods
• KNN

• Random Forest

• Extra-Trees method

• Decision Tree

• Gradient Boosting

• Baseline model

(2020) Machine Learning for olive phenology prediction and base temperature optimisation
• Random Forest

• Neural Network

• Linear Model

• CART

State-of-the-art models

MSE: 0.343

MSE: 0.578

MSE: 0.672



The need to manage uncertainty
• Aleatoric uncertainty

This type of uncertainty is due to irreducible noise 
in the data, or to the stochastic nature of the 
process generating the data. Probabilistic models 
allow you to describe this type of uncertainty.

• Epistemic uncertainty
Uncertainty about the model itself. It is strongly 
influenced by the assumptions we make about 
the input-output relationship (the main cause is 
the limited size of the training data). The Bayesian 
approach is fundamental in order to address this 
type of uncertainty.

Probabilistic Deep Learning With Python, Keras and TensorFlow Probability 
--- Oliver Dürr, Beate Sick, Elvis Murina



The Bayesian approach
• Predictive uncertainty

• The ability to attribute uncertainty to different sources

• The ability to inject domain knowledge into models



The Bayesian approach

posterior

likelihood

prior

evidence

predictive distribution of output 𝑦∗ given a new input 𝑥∗

exact inference is intractable, we need to approximate the posterior Variational Inference



Variational Inference
The idea of Variational Inference is to approximate the posterior 𝑝(𝜃|𝐷) with a simpler distribution from a 
variational family of distributions 𝑞𝜆(𝜃).

Minimization of the Kullback-Leibler (KL) divergence:

Definition of KL divergence

The optimal value 𝜆∗ is given by 

which can be rewritten as

ensures that the posterior does 
not deviate too much from our 

prior belief 

complexity penalization

measures how well samples from 
approximate posterior explain 

data

reconstruction cost



Dropout as a Bayesian approximation

Variational Inference and Kullback-Leibler divergence Monte Carlo dropout

(2016) Dropout as a Bayesian approximation: Representing model uncertainty In Deep Learning
Yarin Gal and Zoubin Ghahramani



Dropout as a Bayesian approximation



NNs architecture
Variational InferenceMonte Carlo dropout

Input features: DOY (Day Of the Year), GDD (Growing Degree Day)

Target feature: BBCH



Results
A 60-20-20 splitting of the dataset for, respectively, training-validation-test sets is used, with a 
stratified sampling based on the year (2008, 2009, 2010) and the location (19 different stations 
are considered).

The validation set is used to control the training process through an early stopping criterion. 
Once the model is trained, the chosen metrics are evaluated on the test set. 

Since our models are probabilistic models, in order to have a reliable estimate of the MSE, we 
performed 100 distinct evaluations on the test set; moreover, during each evaluation the output 
per test point is predicted through 1000 runs, which allow us to correctly reconstruct the 
distribution of the output.



Results

minimum MSE: 0.651 ± 0.007 at 4°Cminimum MSE: 0.73 ± 0.02 at 2°C

(2021 - Azpiroz et al.) MSE value: 0.343, reached with an extra-tree regressor and a particular combination of 7 input features
(2020 – Oses et al.) MSE value: 0.578 (approximately), reached with a random forest and the same two input features we chose (GDD and DOY)
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(2021 - Azpiroz et al.) MSE value: 0.343, reached with an extra-tree regressor and a particular combination of 7 input features
(2020 – Oses et al.) MSE value: 0.578 (approximately), reached with a random forest and the same two input features we chose (GDD and DOY)

Results – the effect of the rounding function



Results – BBCH vs BBCH_res

Evaluation of output rescaling: 

• First method using BBCH values

• Second method using BBCH_res values, 
which take into account only the unique 
values of BBCH within the dataset

Since the BBCH values do not have a 
real meaning from a numerical point 
of view, it is the succession of the 
unique values that has relevance.



Conclusions
Uncertainty is a key concept in Machine Learning and has to be introduced in the field of Deep 
Learning, in order to obtain more stable and more easily interpretable models.
• Safety-critical application domains

• Active Learning and/or Reinforcement Learning

Probabilistic Bayesian Neural Networks overcome the main disadvantages of Deep Learning: 
their dependence on large amounts of data and their inability to represent model uncertainty.

Monte Carlo Dropout is a very convenient technique for performing Bayesian Deep learning:
• Straightforward to implement

• Less computationally intensive than pure Bayesian methods


