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Introduction

Energy (load, price, wind & solar) forecasting®
(Hong, Pinson, Wang, Weron, Yang & Zareipour, 2020, IEEE OAJPE)
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Introduction Power markets across the globe

Competitive power market structures across the globe

® Power exchange m( \

= Power pool (only generators) . p
m Cost-based ‘

= Bilateral trading
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Power markets across the globe
Power pool vs. power exchange

Power pool: one-sided auction Power exchange: two-sided auction
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Introduction Power markets across the globe

Day-ahead (> 90% of papers) vs. intraday (real-time) markets
(Maciejowska, Uniejewski & Weron, 2023, Oxford Res. Enc.)
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Introduction Model taxonomy

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

Price athourh =1
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Price at hour h

multivariate ...
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Introduction Model taxonomy

.. functional (data analysis)
(Chen & Li, 2017, JBES; Chen et al., 2019, Ann.Appl.Stat; Wang & Cao, 2023, Environmetrics)

Smoothed electricity log price curves 5 July 1999--11 June 2000
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Introduction Model taxonomy

... or supply & demand curves?
(Ziel & Steinert, 2016, ENEECO — ‘X-model’; Shah & Lisi, 2020, J.Forecasting)
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Introduction Model taxonomy

What about mid- and long-term forecasts?
Mean Absolute Errors for 04.2018-04.2024 (Ghelasi & Ziel, 2025, RSER, Tab. 8)

Model name | Variables Method Forecasting horizon (days)
2] & o
ElE] ° g o
; E %" PR Autoregression Futures (fuel, CO2) Weekly dummies (+ seasonal RES/Load)
£ E E 21258 3 (1 7 14) 30 60 90 120( 150 180 210 240 270 300 330  360)
Naive 26.57 33.02 3752 4389 49.26 53.16  58.08 59.51 63.50 65.20 67.43 67.31 72.39 76.25 76.58
WD | x X 60.46  60.41 60.59  61.12  61.66 62.08 62.62 [ 62.86 62.97 63.15 63.33 63.41 63.36 63.42 63441]
Expert | X X X X X 16.60 29.57 34.58 4579  49.25 61.48 65.82 76.08 95.87 117.70 128.18 127.45 160.40 17530 163.87
Constr [ X X X X X X 16.58 29.47 33.85) 4198 47.26 57.16  64.53 71.10 84.07 91.07 10595 11676 12544 130.59 130.45
Current | X X X X X 1674  32.23 35.61 [ 40.31 44.70 49.12 52.62 56.02] 61.02 65.55 69.00 67.83 72.38 73.58 75.05
WD+RL | x X X 50.74 57.88 5927 60.73 6151 6248 61.10| 5934 58.95 58.34 60.23 59.99 61.73 6286 63.29
WD+RL+C | x X X X 53.19 57.93 58.21 58.86  59.57 60.13 60.62 60.91 60.91 60.97 61.25 61.57 61.80  62.12 62.52
WD+ARL+C | x X X X X 17.18 32.81 37.10 4256 4847 52.52  58.06 65.06 73.92 85.39 100.60 110.33 122.11 130.11 129.15
NeuralNet | X X X X X |[X 20.88 39.34 4870 58.07 61.60 70.50 87.87 110.80 119.74 132.82 15041 158.95 130.62 13221 134.69
XGBoost [ X X X X X |[|X 23.55 44.58 46.26 4825 46.97 53.41 60.03 62.48 66.97 68.56 71.71 74.95 73.17 7274 83.43
Current — regress Py ,, on RES/load (RL) and fuel/CO; prices (front-month futures), predict Isdﬁh using seasonal RES/Load and fuel/COy futures
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Model taxonomy
Beyond one year: Survey of Professional Energy Forecasters

Ankieta nt. hurtowych cen energii elektrycznej i gazu w latach
2024-2035

Zapraszamy do udziatlu w anonimowej ankiecie wzorowanej na "Survey of Professional
Forecasters" Europejskiego Banku Centralnego, ktérej celem jest uzyskanie informacji na
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temat oczekiwar co do hurtowych cen energii elektrycznej i gazu w Polsce w latach survey of professional forecasters to provide reliable projections until 2035
2024-2035. Yash Chawla ™ ®, Katarzyna Chojnacka “, Michal Paca“, Anna Pudetko , Rafal Weron 0,

prremysta 7aleski -
Yash Chawla, Rafat Weron Myw o i, 057 i ket
Katedra Badar Operacyjnych i Inteligencji Biznesowej, Politechnika Wroctawska e 2 i et

e ‘adoption of selectivo kitchen and garden waste processing in closed biogas plants Is often

Hurtowe ceny energii Hurtowe ceny gazu w e
elektrycznej w kolejnych kolejnych latach (PLN/MWh)

latach (PLN/MWh)

Cena gazu w 2023 *

Cena energii elektrycznej w 2023 * 213,94 * “M“[ ) mounces, energs, and ot g e,

o s o,

g 0 o

s production from

i waste reprsents &

et is impesatve. L

533,62

Cena gazuw 2024 *

Cena energii elektrycznej w 2024 *

Cena gazuw 2025 *

(Wroctaw Tech, P

Electricity price forecasting (in a nutshell) CoRE 25-26.09.2025, Sandbjerg DK 11/40


https://doi.org/10.1016/j.jclepro.2025.144945

Introduction

Model taxonomy

Survey of Professional Energy Forecasters cont.

(Chawla et al., 2025, JCP)
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Model evolution

© Model evolution
(Auto)regressive models

@ Averaging across windows ©)

o LASSO-Estimated AR (LEAR) ©
o

o

Deep and interpretable ML
Temporal Hierarchy Forecasting

(Wroctaw Tech, PL

International Journal o Forecasting 30 (2014) 1030-1081

Contents lists available at ScienceDirect

(2014)
International Journal of Forecasting

journal homepage: www.elsevier.com/locatefijforecast

Review

Electricity price forecasting: A review of the state-of-the-art
with a look into the future

Rafat Weron

Renenabie snd Sustinable Ener

Contents lists available at ScienceDirect
Renewable and Sustainable Energy Reviews

journal homepage: www.elsevier.com/locate/rser

(2018) r

g (EPF) over
lo explain the
ppportunities
e paper also

Recent advances in electricity price forecasting: A review of probabilistic
forecasting

Jakub Nowotarski, Rafal Weron’

next decade
jes involving
i) statistical

Department of Of

Applisd Enersy 293 (2021) 116983

ArTICL

Contentslsts available at ScienceDireet
Applied Energy

journal homepage: www.elsevier.com/locate/apenergy

Neural network.

Forecasting day-ahead electricity prices: A review of state-of-the-art

Electricity price forecasting (in a nutshell)

algorithms, best practices and an open-access benchmark
Jesus Lago **, Grzegorz Marcjasz ", Bart De Schutter*, Rafat Weron >
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(Auto)regressive models
Expert ARX-type models

The workhorse of EPF — autoregressive structure with exogenous variables:

7 7 K i
Pa.n = Yo BiPacin > BiaDi+) Birra XS+ can

AutoRegressive effects D; = Mon, ... eXogenous variables
@ Special cases:
e Naive model P(S,l,)7 for By =1 and Bix1 =0
o AR(7), sparse AR(7) with some AR lags missing 6

o ARX(7) with K > 1, sparse ARX(7)
with some AR lags missing ‘ |
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(ILRREVEITIIN  (Auto)regressive models

Do we need exogenous variables?

Public net electricity generation in Poland in week 23 2025
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(WILEREVEITTICLI  (Auto)regressive models

Linear regression (ARX) vs. shallow neural network (NARX)

(Jedrzejewski, Lago, Marcjasz & Weron, 2022, IEEE-PEM)
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Electricity Price
Forecasting

The Dawn of Machine Learning

By Arkadiusz Jedrzejewski, Jesus Lago,
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CoRE 25-26.09.2025, Sandbjerg DK

16 /40


https://doi.org/10.1109/MPE.2022.3150809
https://doi.org/10.1109/MPE.2022.3150809

(L EREVEINEILIl  (Auto)regressive models

Committee machines: #runs vs. forecast accuracy
(Marcjasz, Uniejewski & Weron, 2019, IJF)

@ The more runs (— longer computational time) the better

@ The prediction error decays as a power law
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Averaging across calibration windows ©
What is the optimal calibration (training) window size?

400 T .
= Test period

300

I
|
|
|
|
200 |
|
|

100

LMP [USD/MWH]

0 1 ]
1.1.2011 31.12.2011 29.12.2012 17.12.2013

@ 728-day vs. 182-day vs. 28-day calibration window
@ Longer windows — better reflect trends, more stable parameters

@ Shorter windows — quicker adapt to changes in price dynamics
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Model evolution

Averaging across calibration windows ©

Point forecast averaging: The idea

Individual forecasts

Weights
estimation

Rafat Weron (Wroctaw Tech, PL)

N
fo=  wif
i=1

_—

Combined
forecast

Electricity price forecasting (in a nutshell)

4

Dates back to the works of Bates,
Crane, Crotty & Granger (1960s)

‘Statistical /Econometric world':
combining forecasts,

forecast averaging

(not model averaging)

‘Al /Engineering world':
committee machines,

ensemble averaging,

expert aggregation
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Model evolution Averaging across calibration windows ©

Simple averaging across calibration windows

Structural breaks: Pesaran, Pick (2011, JBES); EPF: Hubicka et al. (2019, IEEE-TSE)
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Averaging across calibration windows €
[IF Distinguished Lectures on EPF: Averaging.ipynb

O Product ¥ Solutions ¥ Resources ¥ Open Source v

Experiment yourself:

B lipiecki / energy-analytics-2025 Public

<> Code ( Issues 17 pull requests ® Actions © Projects

ﬂ lipiecki update

data first commit
notebooks update
B README.md first commit
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What is shrinkage (regularization)?

@ Minimize the residual sum of squares (RSS = sum of squared errors)
+ a penalty function of the betas:

_argmln{z< Z@Xu) +Aé\ﬁj\"}

RSS penalty

where A > 0 is a tuning (or regularization) parameter
@ Most popular:

e g =2 — Ridge regression (Hoerl & Kennard, 1970, Technometrics)
o g =1 — Least absolute shrinkage & selection operator (Tibshirani, 1996, JRSSB)
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LASSO-Estimated AR (LEAR): Variable importance

(Uniejewski et al., 2016; Ziel, 2016; Ziel & Weron, 2018; Jedrzejewski et al., 2022; Uniejewski, 2024)

Yesterday’s load forecasts for today

3 6 9 12 15/18(21 24
Today’s (predicted) prices
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Model evolution Deep and interpretable ML

Multi-output shallow and deep neural networks (DNNs)

(Lago et al., 2021, APEN; Jedrzejewski et al., 2022, IEEE-PEM)
(b)

(a)
model inputs hidden layer model outputs model inputs hidden layer 1 hidden layer 2 model outputs
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What about performance?

Contents lists available at ScienceDirect

(2021)
Applied Energy

jetlinal UL rMAE (relative to a naive forecast)

PIM —— LEAR
= DNN

Forecasting day-ahead electricity prices: A review of state-of-the-art
algorithms, best practices and an open-access benchmark

Jesus Lago ", Grzegorz Marcjasz °, Bart De Schutter?, Rafal Weron

= Delft Center for Systems and Control, Delft University of Technology, Delft, The Netherlands
® Department of Operations Research and Business Intelligence, Wroclaw Uriversity of Science and Technology, Wrockaw, Poland

EPEX
Nord Po erman
ARTICLE INFO ABSTRACT y
Keywords: While the field of electricity price forecasting has benefited from plenty of ¢
Electricity price forecasting it arguably lacks a rigorous approach to evaluating new predictive algorit

Regression model
Deep learning
Open-access benchmark
Forecast evaluation
Best practices

using unique, not publicly available datasets and across too short and 1
The proposed new methods are rarely benchmarked against well establ
models, the accuracy metrics are sometimes inadequate and testing the sigs
performance is seldom conducted. Consequently, it is not clear which met
best practices when forecasting electricity prices. In this paper, we tack
of-the-art statistical and deep learning methods across multiple years and
set of best practices. In addition, we make available the considered datas
models, and a specifically designed python toolbox, so that new algorit
future studies.

EPEX EPEX
France Belgium
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Model evolution Deep and interpretable ML

Interpretable Al: NBEAT Sx

(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2023, JF)
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Experiment yourself:
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https://doi.org/10.1016/j.ijforecast.2022.03.001

Model evolution Deep and interpretable ML

Interpretable ML: What about performance?
(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2023, 1JF)

Tab. 3. Accuracy measures for day-ahead price forecasts (test sample of 2 years)

ARx1 LEARx DNN NBEATSx

NP

MAE
rMAE
sMAPE
RMSE

PJM

MAE
rMAE
sMAPE
RMSE

EPEX-DE

MAE
rMAE
sMAPE
RMSE

Daily recalibration [s] — 18.57 50.65 81.61

LEARx, DNN — LEAR and DNN models from Lago et al. (2021, APEN), after Erratum
NBEATSx — NBEATSx-| (interpretable configuration) from Olivares et al. (2023, 1JF)

Rafat Weron (Wroctaw Tech, PL)
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Temporal Hierarchy Forecasting (THieF)

(Lipiecki, Bilinska, Kourentzes & Weron, 2025, arXiv)

24 hourly blocks

!
e
|
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Model evolution

THIEF: Gains from reconciliation
(Lipiecki, Bilinska, Kourentzes & Weron, 2025, arXiv)

XGB

Rafat Weron (Wroctaw Tech, PL)

Temporal Hierarchy Forecasting

Level Model MAE %gain RMSE  %gain

ARX 26.93 2.8% 39.83 2.7%

H NARX  23.06 3.3% 35.62 2.8%

XGB 23.34 4.4% 37.05 5.5%

Mitra 21.37 1.2% 33.31 1.2%

ARX 25.65 3.1% 37.50 3.1%

4H NARX 21.75 5.0% 33.27 4.6%

XGB 22.01 5.8% 34.25 6.0%

Mit Mitra 20.13 3.7% 30.87 3.5%
itra

72 million parameters ARX 24.37 2.9% 35.59 35%

SH NARX 20.54 5.5% 31.20 4.8%

ﬂ XGB 21.07 6.8% 32.94 8.2%

i“]i Mitra 19.45 6.3% 29.34 5.5%

‘ ; ARX 20.92 2.0% 30.29 3.4%

-3 o NARX 1799 | 82%| 2724 | 7.9%

g ,% XGB 18.80 11.7% 29.50 13.4%

Mitra 16.56 8.1% 24.81 8.5%

Electricity price forecasting (in a nutshell)
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Beyond point forecasts Do we need probabilistic forecasts?

Do we need probabilistic (interval, density) forecasts?

(Uniejewski & Weron, 2021, ENEECO)

300
Day-ahead 80% PI
Actual price
®  Selected hours
250 r
=
s
=
5 200 r
a,
0]
2
a
150 r P
T
M
=
I - =
100 \ \ \ , \ \
4 8 12 16 20 24

Hour of the day
Rafat Weron (Wroctaw Tech, PL)

Electricity price forecasting (in a nutshell)

Quantile-based trading strategy

Simultaneously bid day-ahead:

@ buy 1 MW for P} at hour hy
o sell 0.8 MW at Pg, at hour h,

— With a = 10% the spread is
maximized for PQO% =133

and PJ%¢ = 204 PLN/MWh

@ If bid(s) not accepted,
settle in the balancing market

CoRE 25-26.09.2025, Sandbjerg DK
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Beyond point forecasts Do we need probabilistic forecasts?

Are quantile-based trading strategies more profitable?
(Uniejewski & Weron, 2021, ENEECO)

-t
Strategy Profit
Naive (4am—-12pm) 33 065.29 =
Point forecasts-based 33 722.39
Quantile-based 1-99% 5-95% 10-90% 20-80% 25-75%
Q-Ave 41 317.92 43328.89 4343231 43289.09 43 033.88
F-Ave 39 848.26 43 309.44 44 052.04 44 088.11 43 130.34
QRM 41 163.29 43 054.28 4312412 43 731.54 42 240.25
LQRA(77) 42 360.05 44 13549 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 43971.88 44 238.45 45073.19 43 103.88

Quantile-based trading yields 19-34% higher profits than point forecasts-based!

Rafat Weron (Wroctaw Tech, PL)

Electricity price forecasting (in a nutshell)

CoRE 25-26.09.2025, Sandbjerg DK

'---.-

32/40


https://doi.org/10.1016/j.eneco.2021.105121

Beyond point forecasts Postprocessing point forecasts ©

Postprocessing point forecasts with PostForecasts.jl
(Vannitsem et al., 2018, Elsevier; Lipiecki et al., 2024, ENEECO; Lipiecki & Weron, 2025, SoftwareX)

Postprocess
b
Normal QuantForecasts .
HH ; M Experiment yourself:
=== “— CP(+HS) QuantForecasts paverage() m
O PointForecasts fl\ Combine QuantForecasts I .
IDR QuantForecasts qaverage()
Wy .
QR QuantForecasts

point2quant()

average()
| Delimited file
| (csv, tsv, txt)

decouple()

conformalize('). il“z
Postprocess \_

crps()
inball()
coverage() . -

@ HDFS5 file
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https://doi.org/10.1016/j.eneco.2024.107934
https://doi.org/10.1016/j.softx.2025.102200
https://github.com/lipiecki/PostForecasts.jl

Beyond point forecasts Postprocessing point forecasts €

Pinball loss (average over g — CRPS)

Quantile Regression Averaging (QRA) 13

) —q=50%
(Nowotarski & Weron, 2015, COST) —q=25%
q=5°/o

1

" 0.5

e

[72]

©

] 0

= Quantile regression: -2 -1 0 1 2

e \

=)

c )

.QJ 1'%:11 Z (q - 1Y,<X,Bq) (Yt - Xtﬁq)

L] Py ~
- ° Xe=[1,% ., B
[ ]

_g Bq - vector of parameters Combined interval

S forecast, e.g., for

'c:: q=0.05&0.95
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Beyond point forecasts Combining probabilistic forecasts

Combining probabilistic forecasts is tricky ...
(Lichtendahl et al., 2013, Mgnt Sci; Uniejewski et al., 2019, ENEECO; Taylor & Meng, 2023, arXiv)

Vertical (over probabilities), horizontal (quantiles — sharper CDF) ... or at any angle

100% A 100% A 100%

N Honzontal

M°

CDF
CDF
CDF

50% o 50% - 50% o

L CCEEEEE

0% - 0%
0.5 0 0.5 0.5

\

0% - —

0.5 0 x 0.5
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Beyond point forecasts Combining probabilistic forecasts

... but can be beneficial
(Lipiecki, Uniejewski & Weron, 2024, ENEECO; illustrated here using EPEX-DE data)

Skill score: % difference wrt the CRPS of N(0,6(eqg,,)) innovations; €4, — prediction errors of the LEAR model

T T T T

20 1
10 f ;
X 0t £
<
g
o —10 —— LEAR-QRM 699
v —— LEAR-CP
= —— LEAR-IDR
< -20 | e _LEAR-Ave 4
0
-30 | o | ]
Average daily price (€/MWh)
—-40 | - -54
) ) N 0 > >
R e Q\P@ Qxf’pl Q\ﬁol 2
7 5> » » o 5>
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Beyond point forecasts Distributional Deep Neural Nets

Distributional Deep Neural Nets (DDNN) perform well ...

(Jedrzejewski et al., 2022, IEEE-PEM; Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)

model inputs hidden layer 1 hidden layer 2 distribution layer model output

. / |
U1,n
D
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Beyond point forecasts Distributional Deep Neural Nets

... but can fail miserably during volatile periods
(Lipiecki, Uniejewski & Weron, 2024, ENEECO; illustrated here using EPEX-DE data)

Skill score: % difference wrt the CRPS of N(0,6(eq4,4)) innovations; 4, — prediction errors of the LEAR model
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What to learn more? See the IIF Distinguished Lectures
https://p.wz.pwr.edu.pl/~weron.rafal /Conf/11F24

Part |, Lecture | Part I, Lecture |

& eavy taie: 1D, asinh and N-PIT

Transmission System Operators (TSO)
© Operate the transmission system

o Ensure the grid is balanced
o Exception: Germany has 4 T
« Market coupling
o Price Coupling of Regions —
EUPHEMIA (DA)
o Flow-Based Market Coupling (DA)
© XBID mechanism (ID)

& Zonal pricing Wil Day-ahead (DA) and intraday (1D 3-20% of volume) markets

Kath & Ziel, 2021, LF; Lipieck ¢ o, 2024, ENEECO)

ED
al. 2005, 5
alculate the so-called non-conformity scores
X ¥ = 94 mencam '\
oy = 9o = Lrcos Qe
where Q.(1) is the 7-th 5\m

 This version is called inductive or split CP. however,
a'splt” is not needed if s are already available

© HS works with </'s. cp with |z's — symmetric £

o Using <, . HS approximates the whole
dstribution, CP on\y the positive half — smoother £
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