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Research question: How to exploit recent breakthrough in Deep Learning
to provide complete but compact information to decision-makers?



Content
• Why probabilistic forecasts in decision making?
• Coupling between characterization of uncertainties and optimization

models
– Difference between intervals, distributions and scenarios

• Emergence of deep learning models: why and how
• Value of probabilistic forecasts
• Conclusion (take home messages)
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Why probabilistic forecasts?
• Forecast to extract information in order to create value (e.g. profit maximization, social 

cost minimization, etc.)

• Forecasts are inevitably vitiated by errors:

– Noise in the explanatory variables

– Model misspecifications (lack of information, improper complexity, etc.)

è Traditional point (deterministic) forecasts are providing very limited information 

è To ensure decisions that are robust with regard to forecast errors and/or account for 

(hedge against) risk, it is necessary to quantify the level of uncertainty associated with
predictions
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Ben-Tal and Nemirovski (2000):

In real-world applications of Linear Programming, one cannot ignore 
the possibility that a small uncertainty in the data can make the usual 
optimal solution completely meaningless from a practical viewpoint



Forecast and optimization should not be dissociated
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• Scenarios
• Intervals
• Distributions
• …

• Conservativeness
• Tractability
• Implementation issues
• …

Characterization of 
uncertainties

è The way we represent uncertainties is directly interlinked with the optimization framework

Formulation of the 
optimization problem

Decision-making in 
modern electricity grids

… supports ...
Data Analytics



5

Stochastic programming Robust Optimization Chance-constrained 
programming

Distributionally Robust 
Optimization

Uncertainty Discrete set of scenarios Continuous uncertainty 

set

Distribution shape Family of distributions 

close to a « nominal » 

one (ambiguity set)

Goal Optimize expected value 

over all scenarios

Optimize for the worst-

case value of uncertainty 

and be feasible for all 

cases

Optimize objective and 

be feasible within a 

given level of confidence

Optimize objective for 

the worst-case 

distribution 

Risk (reliability) Risk-neutral,

Quality depends on 

scenarios

Risk-averse Controllable Controllable through size 

of ambiguity set and 

distributionally robust 

chance-constraint

Computation/Scalability Hard Easy Easy Easy

Critique Too risky (bad outcomes 

in extreme cases)

Too conservative (over-

protected, lower values 

in « normal » scenarios)

Assumption on the 

distribution shape

Need only partial 

information on the 

uncertainty



Characterization of uncertainties
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From short-term to very short-term (e.g. 
scheduling, real-time control)
The objective is to generate forecasts with the 
highest degree of precision (reduction of the 
uncertainty space to facilitate the task of the 
subsequent optimization tool)

From long- to medium term (e.g. investment, 
maintenance plan)
The accuracy of forecasting tools is questionable 
The objective is rather to provide a number of time 
trajectories, representative of the statistical 
behavior of the historical dataset

è Supervised learning
with Regression techniques

time



Forecasting = regression problem
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• Typical regression models:
o Polynomial regression with regularization (Lasso, Ridge, ElasticNet)
o Regression Trees (e.g. forest of randomized trees, etc.)
o Neural networks: (deep) feedforward neural networks (multilayer perceptron)

Accuracy ↑ Simplicity ↑

• Typical regression models tailored to time series:
o AutoRegressive Integrated Moving Average (ARIMA) processes (and extensions: SARIMA, ARMA-

GARCH, etc.). These are statistical models, not machine learning models.
o Recurrent Neural networks RNNs: LongShort Term Memory networks (LSTMs), etc.

NB: similar Machine Learning models exist for classification (logistic regression, decision trees, neural nets trained 
as classifiers)



Neural networks are flexible tools
• Improvement in computer capabilities & in the observability of important variables
• Network of small processing units (neurons) joined to each other by weighted 

connections (synapses)
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Objective: Train to obtain optimal weights

Feedforward neural networks

Recurrent neural networks (e.g. LSTM)

• Bidirectional architecture (example 1)

• Encoder-decoder (example 2)

• …



Point forecast using neural networks
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Forecasted data: Belgian aggregated quantities
(Elia)
Training data: 2012-2016
Test data: winter 2017
Root Mean Square Errors

[] J.-F Toubeau, J. Bottieau, F. Vallée and Z. De Grève, "Deep Learning-Based Multivariate Probabilistic Forecasting for Short-Term Scheduling 
in Power Markets," IEEE Trans. Power Systems, vol. 34, no. 2, pp. 1203-1215, March 2019.

Bidirectional architecture



Probabilistic forecasting
Two distinct philosophies can be found: 
• Two-step procedures based on the addition of a probabilistic forecast error to a 

deterministic forecasting model

• Methods directly providing probabilistic predictions of the variable of interest
– Parametric approaches in which we choose a priori a model that fits prediction errors (e.g. Gaussian

error)
Outputs = parameters θ of the model (e.g. mean and std)
Objective = maximize the likelihood ! " that the model generates the historical observations, given its 
parameters θ. 

– Non-parametric approaches such as direct quantile regression and kernel density estimators
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Probabilistic forecasting: some results
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Parametric model of prediction errors
(Gaussian)

Non-parametric model of prediction
errors (quantile regression)

VS

Averaged quantile loss on the test set:

[] J.-F Toubeau, J. Bottieau, F. Vallée and Z. De Grève, "Deep Learning-
Based Multivariate Probabilistic Forecasting for Short-Term Scheduling 
in Power Markets," IEEE Trans. Power Systems, vol. 34, no. 2, pp. 1203-
1215, March 2019.



What about time dependencies?
The full integration of such probabilistic forecasting in advanced decision-making
methods remains to be addressed
For optimization problems covering a multi-step ahead horizon, it is necessary to 
provide conditional predictions linking time steps among each others
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Importance of time dependencies
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The scenarios are generated with three different variants (Step 1):
• Simple MLP model + advanced copula-based sampling
• Advanced Probabilistic BLSTM + simple independent sampling
• Advanced Probabilistic BLSTM + advanced copula-based sampling

The portfolio is composed of 
• 1 % of the Belgian load (~ 140 MW of peak 

consumption);
• 20 % of the installed (onshore) wind (~ 350 MW); 
• 20 % of the installed PV (~ 600 MW) capacity;
• A storage station (maximum output power of 50 MW, 

energy capacity of 250 MWh, and ramping capabilities of 
10 MW/minute)

[] J.-F Toubeau, J. Bottieau, F. Vallée and Z. De Grève, 
"Deep Learning-Based Multivariate Probabilistic 
Forecasting for Short-Term Scheduling in Power 
Markets," IEEE Trans. Power Systems, vol. 34, no. 2, 
pp. 1203-1215, March 2019.



Value of probabilistic forecasting
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Energy

Capa.

Reserve

Futures 
market

Day-ahead 
market

Intraday 
market…

Days-ahead Delivery day

Delivery
Capacity market

Balancing: 
activation

Balancing market: capacity 
procurement

Imbalance 
settlement

Day-ahead optimization of an 
electricity supplier portfolio

Actual monthly profits:
#1 VS #2: +400k€
#1 VS #3: +50k€

#1
#2
#3



Probabilistic forecast of the Belgian System Imbalance
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… using encoder-decoders (15-min ahead):

[J. Bottieau et al, ‘Very-Short-Term Probabilistic Forecasting for a Risk-Aware Participation in the Single Price Imbalance
Settlement, IEEE Trans on Power Systems, 2nd round of revision]

Second Example:



Probabilistic forecast of the Belgian System Imbalance
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… using encoder-decoders (15-min ahead): … in order to optimize the participation of a portfolio with flexibility
margins on real-time markets (15 minutes ahead):

Possibility to adjust the risk-attitude by selecting the appropriate quantiles



A lot of exciting work is still to accomplish
• Hybrid data-driven and model-driven approaches
• Represent correctly the complex space-time dependencies in 

a high dimensionality context
• ‘Big-data compliant’ implementations of Machine Learning 

algorithms
è Power Systems can also benefit from the paradigm shift 
occurring in Computer Science
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