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Introduction

The power markets are changing ...
Here: 2007 vs. 2017 vs. 2021/22 average daily EPEX prices for Germany
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https://www.epexspot.com/en/market-data


Introduction

... in particular due to increased wind ...

Source: Ziel & Steinert (2018, RSER)
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Introduction

... and solar penetration
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Introduction

But the (Academic) Empire ...
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Introduction

Load, price, wind & solar forecasting*
(Hong, Pinson, Wang, Weron, Yang & Zareipour, 2020, IEEE OAJPE)

* Scopus indexed
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https://doi.org/10.1109/OAJPE.2020.3029979
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http://dx.doi.org/10.1016/j.rser.2017.05.234
https://doi.org/10.1016/j.apenergy.2021.116983


2. Model evolution What are we modeling?

The workhorse of European power trading
The day-ahead market (> 90% of papers)
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2. Model evolution What are we modeling?

Day-ahead point forecasting: Univariate ...
(Ziel & Weron, 2018, ENEECO)

10

20

30

40

Time

P
r
ic

e
 i

n
 E

U
R

/M
W

h

6 18 6 18 6 18 6 18 6 18 6 18 6 18 6 1812 24 12 24 12 24 12 24 12 24 12 24 12 24 12 24

D-6 D-5 D-4 D-3 D-2 D-1 D D+1

Rafał Weron (Wrocław, Poland) Recent advances in EPF 28-30.3.2022 AMLD, Lausanne 9 / 26

https://doi.org/10.1016/j.eneco.2017.12.016


2. Model evolution What are we modeling?

... multivariate ...
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2. Model evolution What are we modeling?

... or functional (data analysis)?
(Chen & Li, 2017, JBES; Chen et al., 2019, Ann.Appl.Stat.)
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2. Model evolution Early EPF models

Which modeling framework?
(Jȩdrzejewski, Lago, Marcjasz & Weron, 2022, IEEE-PEM)

Early EPF models: (a) linear regression and (b) a single-output shallow neural network
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https://doi.org/10.1109/MPE.2022.3150809


2. Model evolution Shrinking redundant features

LASSO-Estimated AR (LEAR)
(Uniejewski et al., 2016; Ziel, 2016; Ziel & Weron, 2018; Jȩdrzejewski et al., 2022)

Minimize the residual sum of
squares (RSS) + a penalty:

β̂ = argmin
βj

{
RSS + λ

n∑
j=1

|βj |q
}

Blue areas – constraint regions, e.g., |β1| + |β2| ¬ t

Red ellipses – contours of the LS error function
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2. Model evolution Deeper and deeper

Multi-output and deep neural networks (DNNs)
(Lago et al., 2021, APEN; Jȩdrzejewski et al., 2022, IEEE-PEM)

Multi-output NN architectures: (a) shallow and (b) deep with 2 hidden layers
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https://doi.org/10.1016/j.apenergy.2021.116983
https://doi.org/10.1109/MPE.2022.3150809


2. Model evolution Deeper and deeper

What about performance?
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2. Model evolution Deeper and deeper

Interpretable NNs: NBEATSx
(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2022, IJF)
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4. Beyond point forecasts Probabilistic and path (ensemble) forecasting

Point → probabilistic → path forecasting
(< 10% of EPF papers)
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4. Beyond point forecasts Averaging/combining forecasts

Point forecast averaging: The idea

f1

f2

fN

…
Weights

estimation
fC

In
d
iv
id
u
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ca
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s

Combined
forecast

Dates back to the 1960s and the works of Bates, Crane, Crotty & Granger
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4. Beyond point forecasts QRA and its variants

Quantile Regression Averaging: The idea
(Nowotarski & Weron, 2015, COST)

…

Quantile regression:
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𝜷𝒒 - vector of parameters 
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4. Beyond point forecasts QRA and its variants

Quantile regression
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4. Beyond point forecasts QRA and its variants

LQRA: When the number of predictors is large
(Uniejewski & Weron, 2021, ENEECO) ∼ 5% improvement over QRA

…

QR with LASSO penalty:
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4. Beyond point forecasts Probabilistic neural nets

Probabilistic neural nets
(Jȩdrzejewski et al., 2022, IEEE-PEM; Marcjasz, Narajewski, Weron & Ziel, 2022, WP)
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4. Beyond point forecasts Probabilistic neural nets

Perform surprisingly well ... after averaging
(Marcjasz, Narajewski, Weron & Ziel, 2022, WP)
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Articles & working papers on https://www.ii.pwr.edu.pl/∼rweron/Publ
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