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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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Introduction

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

Source: Ziel & Steinert (2018, RSER)

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 4 / 44



Introduction

... and solar penetration
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Introduction

Germany 2010: No ducks

Source: www.energy-charts.de
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Introduction

Germany 2019: ‘Duck curve’ (or ‘peak shaving’)

Source: www.energy-charts.de
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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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Introduction

Percentage of energy forecasting publications*
(Hong, Pinson, Wang, Weron, Yang & Zareipour, 2020, IEEE OAJPE)

* Top 10 journals in each area (2010-2019); some are ranked top 10 across multiple areas

** Numbers of forecasting/total publications for each journal are shown in parentheses

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 10 / 44

https://doi.org/10.1109/OAJPE.2020.3029979


Agenda

1 Intro
2 Model evolution

Models and frameworks
Regularization
Going deep

3 Calibration windows
Averaging
Identifying breakpoints

4 Beyond point forecasts
Probabilistic
Path (ensemble)

5 Financial evaluation
Euros not errors

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 11 / 44

http://dx.doi.org/10.1016/j.ijforecast.2014.08.008
http://dx.doi.org/10.1016/j.rser.2017.05.234
https://doi.org/10.1016/j.apenergy.2021.116983


2. Model evolution

Why forecast electricity spot prices?

Risk is managed against recourse to the spot markets
Forward prices are assessed based on spot price forecasts,
adjusted by risk premia

Electricity is non-storable → no physical cost-of-carry theory

The workhorse of European trading is the day-ahead market

© EPEX SPOT – All rights reserved
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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)
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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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2. Model evolution Early EPF models

Why nonlinear?
(Jȩdrzejewski, Lago, Marcjasz & Weron, 2022, IEEE-PEM)

Nord Pool, 2017
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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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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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3. Calibration windows

Searching for the optimal calibration window
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Which window length is optimal?
728-day, 182-day, 56-day, ...
Longer – better reflect trends and yield more stable parameters
Shorter – adapt quicker to changes in the price behavior

EPF literature: Typically selected ad-hoc
Ranging from 10 days to 6 years
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3. Calibration windows Averaging across calibration windows

Averaging across calibration windows
Structural breaks: Pesaran, Pick (2011, JBES); EPF: Hubicka et al. (2019, IEEE-TSE)
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3. Calibration windows Averaging across calibration windows

Detection of change/breakpoints
(de Marcos, Bunn, Bello & Reneses, 2020, Energies; Nasiadka, Nitka & Weron, ICCS 2022)

Breakpoints (blue) split the calibration window into similar (black) and
remaining (= left out; gray) subperiods:
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4. Beyond point forecasts Probabilistic and path (ensemble) forecasting

Point → probabilistic → path forecasting
(< 10% of EPF papers)

15

20

25

30

35

40

Time

E
le

ct
ri

ci
ty

 p
ri

ce
 i

n
 E

U
R

/M
W

h

6 12 18 24 6 12 18 24

D D+1 10

15

20

25

30

35

40

Time

E
le

ct
ri

ci
ty

 p
ri

ce
 i

n
 E

U
R

/M
W

h

6 12 18 24 6 12 18 24

D D+1

-10

0

10

20

30

40

50

Time

E
le

ct
ri

ci
ty

 p
ri

ce
 i

n
 E

U
R

/M
W

h

6 12 18 24 6 12 18 24

D D+1 -40

-20

0

20

40

60

Time

E
le

ct
ri

ci
ty

 p
ri

ce
 i

n
 E

U
R

/M
W

h

6 12 18 24 6 12 18 24

D D+1

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 28 / 44



4. Beyond point forecasts Averaging/combining forecasts

Point forecast averaging: The idea

f1
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fN

…
Weights

estimation
fC
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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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4. Beyond point forecasts QRA and its variants

Quantile regression
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4. Beyond point forecasts QRA and its variants

FQRA: When the number of predictors is large
(Maciejowska, Nowotarski & Weron, 2016, IJF)

…

QR:

…
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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 QRA and its variants

LQRA: Aggregate Pinball Scores (APS)*
(Uniejewski & Weron, 2021, ENEECO)
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*Arithmetic averages over 99 percentiles and all hours in the test period
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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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5. Financial evaluation

Economic/financial impact of forecasting errors
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5. Financial evaluation

Quantile-based trading strategies
(Uniejewski & Weron, 2021, ENEECO)
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the balancing market
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5. Financial evaluation

Quantile-based trading strategies: Results
(Uniejewski & Weron, 2021, ENEECO)

Strategy Profit
Naive (4am–12pm) 33 065.29
Point forecasts-based 37 722.39

Quantile-based 1–99% 5–95% 10–90% 20–80% 25–75%

Q-Ave 41 317.92 43 328.89 43 432.31 43 289.09 43 033.88
F-Ave 39 848.26 43 369.44 44 052.04 44 088.11 43 130.34
QRM 41 163.29 43 054.28 43 124.12 43 731.54 42 240.25
LQRA(77) 42 360.05 44 135.49 44 713.52 44 684.40 43 624.65
LQRA(BIC) 42 886.10 43 993.23 44 502.81 45 396.21 42 741.57
LQRA(CV) 41 693.80 43 971.88 44 238.45 45 073.19 43 103.88
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5. Financial evaluation

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2021, WP)

German intraday market (continuous trading)
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5. Financial evaluation

Profits: Selling 1 MW every hour for 200 days
(Serafin, Marcjasz & Weron, 2021, WP)

≈ 1 EUR/MWh

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 42 / 44



Agenda

1 Intro
2 Model evolution

Models and frameworks
Regularization
Going deep

3 Calibration windows
Averaging
Identifying breakpoints

4 Beyond point forecasts
Probabilistic
Path (ensemble)

5 Financial evaluation
Euros not errors

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 43 / 44

http://dx.doi.org/10.1016/j.ijforecast.2014.08.008
http://dx.doi.org/10.1016/j.rser.2017.05.234
https://doi.org/10.1016/j.apenergy.2021.116983


Articles & working papers on https://www.ii.pwr.edu.pl/∼rweron/Publ

Rafał Weron (Wrocław, Poland) EPF in the 2020s 6-10.6.2022 ICCF, Wuppertal 44 / 44

https://www.ii.pwr.edu.pl/~rweron/Publ
https://www.ii.pwr.edu.pl/~rweron/Publ

	Introduction
	 
	2. Model evolution
	What are we modeling?
	Early EPF models
	Shrinking redundant features
	Deeper and deeper

	 
	3. Calibration windows
	Averaging across calibration windows

	 
	4. Beyond point forecasts
	Probabilistic and path (ensemble) forecasting
	Averaging/combining forecasts
	QRA and its variants
	Probabilistic neural nets

	 
	5. Financial evaluation
	 

