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Transformations
Transforming variables

@ We can model a nonlinear relationship by transforming y, and/or x;'s before
estimating the model, e.g., using the logarithm:

logy: = Bo + Pixe + ¢
Ye = Bo + Bilogx; + ¢
logy: = Bo + Bilogx: + ¢

@ In the latter model, the slope can be interpreted as elasticity:
(1 = average % change in y; resulting from a 1% increase in x;

@ All three models are still linear in the parameters

@ If x; can be zero or negative, use log(x; + const.) or a different transformation
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Transformations
Dealing with asymmetry & heavy tails: ID, asinh and N-PIT

(Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS)
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LIESEUCRIISEM  Transformations

A zoo of variance stabilizing transformations (VSTs)
(Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS; Narajewski & Ziel, 2020, J Comm)

@ Area hyperbolic sine transformation:
asinh & mlog have a log-damping effect

y = asinh(x) = log (X +vVx2+ 1) and can handle negative values
57 ... original
. . . 44 30

with inverse x = sinh(y) -~ o
3iq logistic

e Mirror-log transform with parameter ¢ (= 3): B e

L = poly@5.1)
_ mlog(1)

mlog(x; c) = sign(x) [log (x| + 1) +log(c)]

with inverse x = sign(y) {eb’\*bgc B ﬂ -

o Narajewski & Ziel (2020) suggest an alternative R R ERE R R
approach to computing back-transformations
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Probability Integral Transform (PIT)

(Dawid, 1984, JRSSA; Nowotarski & Weron, 2018, RSER)

@ The Probability Integral Transform is defined as:

A

If x is F-distributed then PIT, ~ U(0,1), see

https://en.wikipedia.org/wiki/Probability_integral_transform

A N-shape histogram = F has too fat tails
A U-shape histogram = F has too light tails
A flat histogram = Fis a good estimate of F

©
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LIESEUCRIISEM  Transformations

A zoo of variance stabilizing transformations cont.
(Diaz & Planas, 2016, IEEE-TPWRS; Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS)

@ Define the N-PIT transformation by: @ And the t-PIT transformation by:
y=0(PIT) = o7 (F(x)) y =G (PIT) =G (F(x))
where ®~1(-) is the inverse of the where G71(-) is the inverse of the
standard normal CDF Student-t CDF with v = 8 degrees
o Called Nataf by Diaz & Planas (2016) of freedom
o If PIT ~ U(0,1) then y ~ N(0,1) o If PIT ~ U(0,1) then y ~ Student-t

Note: Transformations can be applied to the prices as well as to exogenous variables
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Applying VSTs

(Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS; Narajewski & Ziel, 2020, J Comm)

o All VSTs except PIT-type require ‘normalized’ prices:

P normalize Y, VST Predict A VSTt v de-normalize F\)
t t Yt Yt+1 t+1 t+1

@ For (median, MAD) scaling, set for t € S:

e a = median(P;) and b = MAD(P;), i.e., the sample median absolute deviation
around a multiplied by 26715 ~ 1.4826 where zj 75 is the 75% quantile of N(0, 1)
e Julia and R use the 1.4826 multiplier by default, but Matlab and Python do not

@ Alternatively, use (mean, std) scaling (z-score, standardization)

@ To normalize compute Y; = %(Pt — a), to invert compute I5t+1 = b\A/tH + a
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Dummy (indicator) variables

@ Use when a predictor is a categorical variable taking only 2 values
e Public holiday, World Cup match, nation-wide strike
o If there are more than 2 categories, use several dummies
o Always one fewer than the number of categories or don't use the intercept

e Sunday is captured by the intercept (if present) when di; = ... =ds+ =0
dit doy dzy day ds: de:  d7:
Monday 1 0 0 0 0 0 0
Tuesday 0 1 0 0 0 0 0
Wednesday 0 0 1 0 0 0 0
Thursday 0 0 0 1 0 0 0
Friday 0 0 0 0 1 0 0
Saturday 0 0 0 0 0 1 0
Sunday 0 0 0 0 0 0 ?
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Fourier terms (sinusoidal waves)

@ An alternative to dummies, esp. for long seasonal (i.e., regular) periods
o If mis the seasonal period, the Fourier terms for N =0,1,2,... are given by:

2rt(N+1) 27rt(N+1))

XoN41,¢ = SIN ( ) and Xpn42,+ = COS ( -

o For weekly seasonality, the first 6 of these = 6 dummies
e Use Fourier terms when m is large, e.g., m = 365 days

@ Usually fewer Fourier terms are needed than dummy variables

@ A model with Fourier terms is often called harmonic regression

o Successive Fourier terms represent harmonics of x;  and xo ¢
o See https://en.wikipedia.org/wiki/Harmonic
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RISELCRIIS S  Seasonal decomposition

What about cyclic behavior and seasonal decomposition?
(Nowotarski & Weron, 2016, ENEECO; Marcjasz et al., 2019, IJF; Chec et al., 2025, JCM)

Decompose — predict the Long-Term Seasonal Component & residuals — combine

6 T T T T T
4 W
| Log(price) LTSC |
2 1 1 1 1 1
0 0.5 1 15 2 25
4
4 T T T T XJO
2 - -
| | Log(price) - LTSC|
) 1 1 1 1 1
0 0.5 1 1.5 2 2.5
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Extrapolating the LTSC to eliminate the ‘jump’
Chec et al. (2025, JCM) evaluate ARX and LEAR models in the following setup:

P —LTSC Yo VST Vor Predict Duh VST ! \A/d,h +LTSC lSd,h

where VST and VST! include normalization o
Q@ Use ARX or LEAR to compute Pyyq 5 for all h - y— WaTA
@ Append these forecasts to Py, in S — & o Ei |
© Decompose the appended price series .
@ Use LTSCy41, as the LTSC forecast i 1
@ Use residuals for d, h € S to predict Jg11.4 uzz — el
© Combine to yield the final Py, O =i ]
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RISELCRIIS S  Seasonal decomposition

Extrapolating the LTSC cont.

(Che¢, Uniejewski & Weron 2025, JCM)
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Fig. 6. Rolling 365-day relative mean absolute errors (rMAE) for the Spanish (OMIE) market with respect to MAE of the ARX model; prices in gray
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Tips and tricks

Combining forecasts

Point forecast averaging: The idea

Individual forecasts

Weights
estimation

Rafat Weron (Wroctaw Tech, PL)

N
fo=  wif
i=1

_—

Combined
forecast
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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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LESELCRI S Combining forecasts

A zoo of (point) forecast combination schemes
(Nowotarski et al., 2014, ENEECO; Weiss et al., 2018, R Journal; Uniejewski & Maciejowska, 2023, 1JF)

@ Simple combination methods: ﬁ Energy Economics

o Simple Average, Trimmed/Winsorized Mean
° BateS/ G ra nger (N I R M S E) , I nverse Ra n k .;\:oe;:flxcrécﬁ)lrceocgg:rlsan of alternative schemes for combining electricity @ ““““““““

Jakub Nowotarski®, Eran Raviv ", Stefan Triick®, Rafal Weron **

@ Regression-based combinations:
° OLS regreSSIon’ ConStraIned LS regreSSIon CONTRIBUTED RESEARCH ARTICLES The R Journal Vol. 10/2, December 2018
o Least Absolute Deviation (LAD) regression o .
o Complete subset regression Forecast Combinations in R using the
P € ForecastComb Package
° Eigenvector— based Com bi nations . by Christoph E. Weiss and Eran Raviv and Gernot Roetzer
@ Aggregated Forecast Through Exponential —
Re—Welghtlng (AFTER) . :".i%‘g‘ International Journal of Forecasting -
& 'E ) 98
@ Principal Component Analysis (PCA)-based - —
LASSO principal component averaging: A fully automated L)
[+ LASSO_based, LASSO-PCA approach for point forecast pooling =
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LSRRI 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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5.6 —

LSRRI Averaging across calibration windows €

Simple (AW) vs. past performance-weighted (WAW) averaging

(Marcjasz, Serafin & Weron, 2018, Energies)

AR1(EPEX, asinh)

3 T T
! . T o (28:28:84,1078:7:1092)
. — (28:1092) —o— (56:28:112,1078:7:1092)
'Y —(28:728) & (28:28:84,714:7:728)
5.5 "!k (56:1092) (56:28:112,714:7:728)
Waea, — (56:728) L
5.4 |
®
5~3 %;25:::::::1:::::::::1:::; 77777777777 BN
RS e
28 182 364 546 728 910 1092
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o AR-type model
@ asinh transformation

o Fitted to German
day-ahead prices

@ Test period:
Aug 2013 — Jul 2016

— AW
- - WAW
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Averaging across calibration windows €
Python snippet: Averaging.ipynb

O Product Solutions Resources Open Source

& lipiecki/ energy-analytics-2025 ' Public

<> Code @ Issues 17 Pull requests @ Actions ﬁa Projects

ﬁ lipiecki update

data first commit
notebooks update
D README.md first commit
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Tips and tricks Calibration window selection

Selecting training subsets: k-NN
(Nitka, Serafin & Sotiros, 2021, ICCS)

@ Idea: Use only relevant past information

Py

@ Select data for training based on similarity,
not the most recent period
@ Measure the ‘closeness’ of today — e, i.e,
{PdJ,, [d+1,h7 Wd+1,h}y to the days eS
with k-Nearest Neighbors (k-NN)
° Pd h— today s price for hour h

° Ld+1 h Wd+1 n — today's load & wind
generation forecasts for tomorrow

Py

Selected for training — e, discarded —
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Tips and tricks Calibration window selection

Selecting training subsets: Identifying change /breakpoints
(de Marcos et al., 2020, Energies; Nasiadka et al., 2022, ICCS)

Breakpoints (blue) split S into similar (black) and remaining (= left out; ) subperiods
1009 : X : o
1 1 11 1 1 1
1 1 11 1 1 1
I I 11 I I I
g 504 1 : it : : 1
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E | |
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= : : ¥ : Lo
I I [} I I I
-501 1 1 [} 1 1 1
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Tips and tricks Calibration window selection

EPEX-DE: Narrowest-Over-Threshold (NOT)

NOT: Baranowski et al. (2019, JRSSB); EPF: Nasiadka et al. (2022, ICCS)

Dec 20

Rafat Weron (Wroctaw Tech, PL)
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Tips and tricks Calibration window selection

EPEX-DE: RMSE errors and the DM test

(Nasiadka, Nitka & Weron, 2022, ICCS)

ARX (lags 1,2,7, min, max) with L, W and §:
® Win(7) - window of 7 € [56,57, ..., 728] days & +o1
® Av(Win) — Av(r = 56,84,112,714,721,728) 7=
@ The ARHNN model =SS
@ Winy(7) = Win(7) with asinh w2
@ NOTH(728) - NOT(7 = 728) with asinh R
@ Av(Wing) = Av(Win) with asinh Wiyl
o Av(NOTH) = Av(Winy) with NOT(728) anor -

instead of Win(r = 714,721,728)
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PR = = = Av(NOTy)

300 400 500 600 728

T
p-value Win(t)
0.09 ° Wing(t)
I 8:8? - - Av(Win)
.08 - = ARHNN
0.04 —— NOT(728)

0.02 —_— AW
B oot Vi)
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© Lasso and DNN

® 6 6 ¢

Stepwise regression

Shrinkage (regularization)
LASSO-Estimated AR (LEAR) ©
Deeper and deeper
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Stepwise regression: Backward elimination & forward selection

Lasso and DNN

Stepwise regression

If the number of variables (features, inputs, regressors, predictors) is large,
it is not possible to try all possible combinations — variable selection

@

)

9

| s

Full model

)

L)

9

Model with 3 regressors

L)

L)

&

Rafat Weron (Wroctaw Tech, PL)

Model with 2 regressors

X
X,
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Null model

")

Model with 1 regressor

)

@

Model with 2 regressors
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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 and DNN Shrinkage (regularization)

How does it work?

Lasso (¢ = 1) Ridge regression (g = 2)

b

Bl +Ba] <t s+ Py <t

Rafat Weron (Wroctaw Tech, PL) IIF Lecture: Electricity Price Forecasting, part Il

o Blue areas
constraint regions

@ Red ellipses
contours of the least
squares error function

UNC Charlotte, ISEA2025, 3-4.03.2025 26 /71



Ridge regression vs. LASSO

@ Ridge regression: RSS penalized by a quadratic shrinkage factor
ridee — argﬁmin {RSS + A Zj:l ﬁf}

o Forall j, if A\ = oo then 3; — 0
o All 3;'s remain non-zero — all predictors stay in the final model

@ LASSO: RSS penalized by a linear shrinkage factor

Blasso — argmm {RSS - )\Z 5 }

o Forall j,if A\>1then 3, =0
o As A — 1, more (3;'s become 0 — the final model does not include all predictors

Rafat Weron (Wroctaw Tech, PL) IIF Lecture: Electricity Price Forecasting, part Il UNC Charlotte, ISEA2025, 3-4.03.2025 27 /71



Elastic net (Zou & Hastie, 2015, JRSSB)

@ RSS penalized by a mixed quadratic and linear shrinkage factor
BEN - argﬁmin {RSS + A (1_20‘ ijl 5]2 + i1 \ﬁﬂ)}
J

Ridge regression, a=0 Elastic net, o=0.75 Lasso, a=1

& & &
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Lasso and DNN Shrinkage (regularization)

How (3's change when X increases?

: . Elastic net Lasso
Ridge regression 0.5 0.5

04 0.4 0.4

03 0.3 0.3

0.2 0.2 0.2

01 / — | o 04
7;

0 0
-0.1 -0.1 :

02 0.2
500 1000 1500 2000 0.0001 0.001 0.01 0.1 1 0.0001 0.001 0.01 0.1 1
A A A

o Left: Ridge regression with A € (0,2000), linear scale
o Center: Elastic net with a = 0.5 and A € (0, 1), log-scale
e Right: Lasso with A € (0, 1), log-scale
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(IEESELEDIN[NIl  Shrinkage (regularization)

What about performance?
(Uniejewski, Nowotarski & Weron, 2016, Energies)

Rafat Weron (Wroctaw Tech, PL)

IIF Lecture: Electricity Price Forecasting, part Il

UNC Charlotte, ISEA2025, 3-4.03.2025

ARX-type AR-type
GEFCom Nord Pool GEFCom N2EX (UK)

Naive

Expert benchmark (AR lags 1,2,7; Mon, Sat, Sun dummies, daily min, load forecast)
ARX1 | 11.069 | 9739 | AR1 11.183 | 8.384

Full ARX model (107 variables)
fARX [ 10911 [ 10131 [fAR [ 12279 [ 9724 |
Selection & shrinkage methods (base model: fARX with 107 variables)

forwardX 9.876 forward 11.193 8.563
backwardX 10.449 9.421 backward 11.968 9.252
RidgeX 9.777 8.972 | Ridge 8.237
LassoX 8419 |Lasso
EN75X EN75
EN50X 8.287 | EN50
EN25X 8.529 | EN25
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LASSO-Estimated AR (LEAR)

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

& Note: Whole 24-hourly vectors are inputs,
not only values for the target hour h = 18

Yesterday’s prices

Uniejewski (2024, ORD) compares 10 penalties and
finds that only Elastic Net and LQ with 1 < g < 2:

n
B = argmin RSS—l—)\Z]ﬂj]q
Bj j=1

Yesterday’s load forecasts for today

consistently outperform LASSO, but at the cost of
one more hyperparameter (a or q)

3 6 9 12 15[18]21 24
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https://ord.pwr.edu.pl/Issues/2024/vol34/p3_14

LASSO-Estimated AR (LEAR): Variable importance

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

PaST R N
~ . WY

~ RN

Xé\

1
X fp=====-~-

1
Xar [

3 6 9 12 15/18/21 24 X3t
Today’s (predicted) prices ;o

Yesterday’s load forecasts for today
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https://doi.org/10.1016/j.eneco.2017.12.016
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LASSO-Estimated AR (LEAR) O
Python snippet: Shrinkage.ipynb

O Product Solutions Resources Open Source

& lipiecki/ energy-analytics-2025 ' Public

<> Code @ Issues 17 Pull requests @ Actions ﬁa Projects

ﬁ lipiecki update

data first commit
notebooks update
D README.md first commit
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Lasso and DNN Deeper and deeper

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

(a) (b)

model inputs hidden layer model outputs model inputs hidden layer 1 hidden layer 2 model outputs

N
e
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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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Decper and decper
epftoolbox: LEAR and DNN Python codes

(Lago, Marcjasz, De Schutter & Weron, 2021, APEN)

&« Y @ C O B htps//epfoolboxreadthedocsio t/modul & — s+ B e

# epftoolbox

Docs » Forecasting models © Edit on GitHub

Forecasting models

Getting started

Data management This subpackage provides an easy interface to two
state-of-the-art forecasting models in the field of

B Forecasting models
electricity price forecasting:
The LEAR model
itz I etz « The LEAR model
Model evaluation o The DNN model
Examples
For the LEAR model, the subpackage provides an
interface to perform estimation, daily recalibration, and
prediction. For DNN model, it provides an interface to
perform estimation, hyperparameter optimization,
daily recalibration, and prediction.

Citation
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Interpretable Al: NBEAT Sx

(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2023, JF)

Trend

. ~
T RREVEVS

“IXe

=
N A

Backcast Period l Forecast Period

Model Input Stack Input

Block Input
("%, X) (0 Xop) (y

back X

s.b=17,

s5,b—1 )

Seasonality

Exogenous

Rafat Weron (Wroctaw Tech, PL)

i

- Stack 1
FC Stack
Stack
- Stack2

for
N A

i

1 Forecast Backcast

o o back
: VA
lGlobal Forecast Stack Residual

(model output) (to next stack)
Sfor back

s
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Lasso and DNN Interpretable Al

Interpretable Al: 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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© Probabilistic forecasts revisited
Quantile Regression Averaging

@ Isotonic Distributional Regression
@ PostForecasts.jl €

@ Combining probabilistic forecasts
°

°

Distributional Deep Neural Nets
Probabilistic inputs

(Wroctaw Tech, PL

ilistic forecasts revisited

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

Wi

Renenabiesnd Sustainable Ener

Contents lists available at ScienceDirect
Renewable and Sustainable Energy Reviews

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

(2018) r
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Recent advances in electricity price forecasting: A review of probabilistic
forecasting
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Forecasting day-ahead electricity prices: A review of state-of-the-art
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Probabilistic forecasts revisited Quantile Regression Averaging

Quantile Regression Averaging (QRA): The idea

(Nowotarski & Weron, 2015, COST)

Individual point forecasts

Quantile regression:

\

I'%in lz (q - 1Y,<x,ﬁ,,) (f: = Xtﬁq)}
T

Xt = [1, }71’“ ey 17m,t]

Bq - vector of parameters Combined interval
/ forecast, e.g., for
q=0.05&0.95
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Probabilistic forecasts revisited Quantile Regression Averaging

Quantile regression

300 :
—— Linear regression
—— Quantile regression, 0=0.95, a:=0.05
1.5 ‘ ‘
—q=50%
—q=25%
1 q=5%
0.5
Interval forecast
F ] 0
0 -2 -1 1 2
_50 . . .
10 15 20 25 30
X
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Probabilistic forecasts revisited Quantile Regression Averaging

Factor QRA (FQRA): When the number of predictors is large

(Maciejowska, Nowotarski & Weron, 2016, IJF)

PCA .

X, =1 fier

‘ Combined interval

forecast, e.g., for

T q=0.05&0.95
k < m factors

extracted from a panel
of point forecasts

Individual point forecasts
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Probabilistic forecasts revisited Quantile Regression Averaging

LASSO QRA (LQRA): When the number of predictors is large

(Uniejewski & Weron, 2021, ENEECO) ~ 5% improvement over QRA

Individual point forecasts

QR with LASSO penalty:
\ p Yy

n}‘in IZ (q - 1yt<x,aq) (Y —X.B,) + AZlﬁq|}
° t

X, = [1, }71,m e ?m,t]
B4 - vector of parameters Combined interval

/ forecast, e.g., for
q=0.05&0.95
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Probabilistic forecasts revisited Isotonic Distributional Regression

Isotonic Distributional Regression (IDR)
(Henzi et al., 2021, JRSSB; Lipiecki et al., 2024, ENEECO)

@ A nonparametric method for estimating distributions that are isotonic in the
regressed variable, i.e., quantiles are nondecreasing wrt the regressor

o Introduced by Henzi et al. (2021, JRSSB) for weather forecasting
o Applied by Lipiecki, Uniejewski & Weron (2024, ENEECO) in EPF

o First, all pairs (J;, y;) are sorted to be ascending in §; for all t € S: (y!, y!)",

o Then, the conditional distributions F;(z) = F(z|/) are obtained by solving the
following min-max problem via the abridged pool-adjacent-violators algorithm:

F — i 1 J T T\n
Fi(z) = k:rqmugaxnm Z/:k Hy, <z}, where z € (y; ),

° l:'(z|)7) for any y € R is obtained by interpolating between l:_,-(z)'s
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Probabilistic forecasts revisited Isotonic Distributional Regression

Isotonic Distributional Regression (IDR)
(Lipiecki et al., 2024, ENEECO)

1)

Pan

P2h
P3n

ﬁl,h ﬁZ,h

ﬁ},h

Pan

L

Pih P3hP2h

Pan

Fi(2) = F@Elpra)
F2(2), F5(2)

Z

Rafat Weron (Wroctaw Tech, PL)

Pan Parn Parn

! : F(pralp)
: ‘ F(psalp)
T q F(panlp)
| \

P P2n Psn Pan P

1 .
F(plpan)

E(plparn)

Pin P3nDP2h Pan p
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o S of m = 4 days for hour h, with

price predictions p; 5 < ... < Pap
and respective prices p1 p, ..., P4,k
Conditional CDFs after pooling
points in the orange ellipse
Interpolated F(z|p) as a function
of p; Fp for the next day is
obtained from the intersections of
F(pi n|p) and a vertical line at the
next day's point forecast

I:'p corresponding to three
hypothetical next day's forecasts:
Bdr by -+ Pdrrr
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Probabilistic forecasts revisited PostForecasts.jl ©

PostForecasts.jl: Julia package for postprocessing forecasts
(Lipiecki & Weron, 2025, WP + GitHub)

Postprocess

Normal
| 1]
T H
HH — CP(+HS)

PointForecasts
IDR

QR

point2quant()

.

QuantForecasts

QuantForecasts paverage() o
. Combine QuantForecasts

QuantForecasts qaverage(),

QuantForecasts

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

l loaddim() o ¥

decouple()

.
PointForecasts

D conformalize(), Y /4"[\‘

crps()
inball()
coverage() . -

[% HDF5 file

QuantForecasts

Evaluate

saveforecasts()
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PostForecastsi @
Julia snippet: PostForecasts.ipynb

O Product Solutions Resources Open Source

& lipiecki/ energy-analytics-2025 ' Public

<> Code @ Issues 17 Pull requests @ Actions ﬁa Projects

ﬁ lipiecki update

data first commit
notebooks update
D README.md first commit

Rafat Weron (Wroctaw Tech, PL) IIF Lecture: Electricity Price Forecasting, part Il UNC Charlotte, ISEA2025, 3-4.03.2025 47 /71


https://github.com/lipiecki/energy-analytics-2025

Probabilistic forecasts revisited 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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Probabilistic forecasts revisited Combining probabilistic forecasts

... can use unequal weights (here: CRPS learning) ...
(Berrisch & Ziel, 2023, JEconometrics; Nitka & Weron, 2023, ORD)

Individual forecasts Naive (equal weights)
1.00 1.004 1
20.75 g
=
. g 0.50 g
' @ 0.254 E
2 000
=
% 0501 CRPS learning
& 1.00 F
20.75+ g
0.25 =
'S 050 g
[
@ 0.254 E
0.00 0.00- -
15 20 25 30 35 40 45 15 20 25 30 35 40 45 00 0.5 1.0
Price Price Weights
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Probabilistic forecasts revisited 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

20

10

Skill Score (%)
|
=

T

r —— LEAR-QRM 699
—— LEAR-CP
—— LEAR-IDR
—20 | ——— LEAR-Ave |
=30 4
Average daily price (€/MWh)
-40 | - -54
) ) N 0 > >
R e Q\P@ Qxf’pl Q\ﬁol \;1}“1
o »> o> o> o> kg
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Contribution of CP, QRM and IDR to the ensemble

(Lipiecki, Uniejewski & Weron, 2024, ENEECO)

@ Shapley contributions, i.e., Shapley

0.125 =§§armany values without the empty coalition,
for 4.5-year test sets
0.100
3 @ IDR contributes the most despite
© .
2 0075 being the worst of the three
)
& toso @ In 2023 the contribution of IDR
o exceeds 75% in both markets
0025 o Combining IDR-generated F with
tooo those of (better performing) QRA and
' LEAR-IDR LEAR-CP LEAR-QRM CP significantly improves the accuracy
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Probabilistic forecasts revisited Distributional Deep Neural Nets

Distributional Deep Neural Nets (DDNN)

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

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

Pd—2 uz,2

Pd-7

o \
u1,2 u2,1
i /

U2,m
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®
®
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Probab forecasts re ed Distributional Deep Neural Nets

DDNNSs can perform very well ...
(Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)

Energy Economics 125 (2023) 106843

Contents lists available at ScienceDirect Enersy

Energy Economics

Experiment yourself:

journal t www.elsevier.com )

P .. . . Gt
Distributional neural networks for electricity price forecasting e
Grzegorz Marcjasz ™", Michat Narajewski®, Rafal Weron?, Florian Ziel ®

2 Department of Operations Research and Business Intelligence, Wroctaw University of Science and Technology, 50-370 Wroclaw, Poland

b House of Energy Markets and Finance, University of Duisburg-Essen, 45141 Essen, Germany

ARTICLE INFO ABSTRACT

JEL classification: We present a novel approach to probabilistic electricity price forecasting which utilizes distributional neural
ca4 networks. The model structure is based on a deep neural network containing a so-called probability layer, i.e.,
c45 the outputs of the network are parameters of the normal or Johnson’s SU distribution. To validate our approach,
5:2 we conduct a comprehensive forecasting study complemented by a realistic trading simulation with day-ahead
pony electricity prices in the German market. The proposed distributional deep neural network outperforms state-

e of-the-art benchmarks by over 7% in terms of the continuous ranked probability score and by 8% in terms

of the per-transaction profits. The obtained results not only emphasize the importance of higher moments
when modeling volatile electricity prices, but also - given that probabilistic forecasting is the essence of risk
management - provide important implications for managing portfolios in the power sector.

Keywords:
Distributional neural network
Probabilistic forecasting
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Probabilistic forecasts revisited 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

20
A
10 Al ) ’“
2 g v A "\"m~./' \
s
Q —-10 e LEAR-QRM
A ——— LEAR-CP
= —— LEAR-IDR
=z ——— LEAR-Ave |
520 —— DDNN-JSU “ l
L~ |
-30 ¢ — |
Average daily price (€/MWh)
vy
L Y (Al e ML | v
-40 + A H-54
A9 ") > o D 2D
2° 29 20 a0 2° 2°
0 N s e e o N
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Probabilistic forecasts revisited Probabilistic inputs

What about probabilistic inputs?
(Uniejewski & Ziel, 2025, arXiv)
Expert model, i.e., ARX-type, for the day-ahead electricity price

Pan=B1Pa—1.h+ 2Pa—on+ B3Pa—z.pn+ BaPa_124 + OsPT" + B6 PP + BrLa.n + BSa.n
— 7
+BoWa,h + BroEUAG—2 + P11Gasg—2 + B120ily_2 + B13Coaly_2 + 2;21 B13+iDi +€d,n

High-dimensional linear model (HLM), i.e., LEAR-type
P _ 24 P P Pmin pmax 24 Z /L\
d,h — Zi:l (ﬁl d—1,i + /324+I d77,l) + 649 d—1 + ﬁSO d—1 + Zi:l (BSOJr/ d,i + 574+I dfl,l)
24 ~ ~ 24 — —
+ Zi:l (598+i5d,i + ﬁ122+i5d71,i) + Z,-:l (ﬁ146+in,i + 5170+in71,i)
7
+ P15 Coalg—2 + Bro6Gasq—2 + S1970ilg—2 + F108EUAy 2 + Z,-:l Prog+iDi + €d,n
What if instead of using point forecasts we use the predictive distributions of load and RES generation?
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Probabilistic forecasts revisited Probabilistic inputs

Probabilistic inputs increase accuracy
(Uniejewski & Ziel, 2025, arXiv)

28

' ‘ BLnd  Ejlowd RES @ RMSE for Germany (2018-23)
[_1Solar [1Load, Solar, Wind
Wind = = Expert . .
. — M . @ Models with 201 quantiles
[JResLoad

(T201) approximating Fx

X={LS,W,RES =S+ W,
L — RES,{L, RES},
{L,5, Wi}
@ Postprocessing schemes:
HS and ‘QRA’ (QR on X)

@ Note the 11.6% and 6.1%
increases in accuracy

26

24

23

22
Expert—HS%m Expert- QR%‘“ HLM—HS%M HLM—QR,’,‘:Zm
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Probabilistic forecasts revisited Probabilistic inputs

The finer the grid of quantiles the better the forecast
(Uniejewski & Ziel, 2025, arXiv)

28

7 70
BT 170
[ 7 - - Expert
7 —---HLM ||
7

- @ A finer grid of quantiles

Ts — Too1 generally improves
. the accuracy of pgy

@ Changes are marginal for HS

@ But substantial for QRA

Expen_Hs;tesLoad Exp ert—QR,?ESLoad HLM_HsgesLoad HLM_QRrRﬁsLoad
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Probabilistic forecasts revisited Probabilistic inputs

Wrap up: A simple technique to improve (point) price forecasts
(Uniejewski & Ziel, 2025, arXiv)

5 | | | @ The gains from probabilistic
--—-HLM HUM-QREO BRES inputs are higher for afternoon
HLM-QRResLoad gy ggload, Solar, Wind and late night hours

N — @ For these hours probabilistic
inputs are selected more often

- | @ Extreme quantile forecasts
usually remain in the final
LASSO-estimated model

@ Overall, the residual load, i.e.,
L — RES, is the best
4 8 12 16 20 2 fundamental predictor

RMSE change [in %]

-10 -
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Financial evaluation

@ Financial evaluation
@ Day-ahead bidding with BESS
@ Which loss function to minimize?

(Wroctaw Tech, PL

International Journal of 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

Wi

Renevabie and Sustainable Encrgs Resiews 81 (2018) 1545-1565

Contents lists available at ScienceDirect (2018)
Renewable and Sustainable Energy Reviews i

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

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
~ Applied Erergy 293 (2021) 116983

ARTICL Contents list available at ScienceDirect

fr— (2021)
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Prowbifore Applied Energy

D journal homepage: www.elsevier.com/locate/apeneray
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Forecasting day-ahead electricity prices: A review of state-of-the-art
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Quantile-based trading strategies
(Uniejewski & Weron, 2021, ENEECO)

300 ‘ ‘
Day-ahead 80% P! Simultaneously bid day-ahead:
Actual price
®  Selected hours Al—
050 | ] @ buy 1 MW for P at hour
=
§ © sell 0.8 MW at Py, at hour hy
P
200 , .
z, 2% — With a = 10% the spread is
8 maximized for PEO:A’ =133
o ~ s
10% _
150 | P and P55 = 204 PLN/MWh
I
s .
n, 2 | : o If b|d(§) not accept.ed,
100 ‘ _—— - ‘ ‘ settle in the balancing market
4 8 12 16 20 24

Hour of the day
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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!
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Does CRPS learning lead to higher trading profits?

(Nitka & Weron, 2023, ORD)

% change in the CRPS and profits per trade when
using CRPS learning (instead of naive averaging)

Vol. 33, No. 3(2023) | DOI: 10.37190/0rd230307

OPEN

Profits/trade (EUR/MWh)

ACCESS

@@}RD Operations Research and Decisions

OPERATIONS

CRPS 50% PI - 70% PI 90% Pl
Ensemble #1 0.0% -1.1% -0.8% -3.6% Combining predictive distributions of electricity prices.
Ensemble #2 -0.1% -0.6% -0.8% -2.5% 5)055[?;:1"3;1125>$eiggi/s-;z:d bidding?
Ensemble #3 [ -0.7% -1.7% Weroika Nitka® Rata Vo
Ensemble #4  -0.4% -2.8%
Ensemble #5 02% -05% -0.1% | -5.0%
Ensemble #6 - -04% | -1.0% -4.3%

@ CRPS learning yields lower CRPS — good
@ CRPS learning yields lower profits — bad
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Which loss function to minimize?
What is the ‘best’ point forecast?

S. Kolassa / International Journal of Forecasting 36 (2020) 208-211

20 = SE minmaer e Gneiting (2011, 1JF; 2022, JASA) and
= = MAPE minimizer: 5.04 Kolassa (2020' IJF) argue that there |S

not a single ‘best point forecast’
@ The different error measures evaluate
‘from different angles’:
e The mean minimizes 5%, hence
MSE, RMSE, etc.
o The median minimizes ||, hence
O LTI W = = = = = = MAE, MASE, rMAE, etc.
l U """""" o The 7-quantile minimizes Pinball Score,

15

"""" - hence the CRPS

@ But what does maximize the profits?

T T T
0 50 100
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Financial evaluation Which loss function to minimize?

Loss functions in regression models
(Serafin & Weron, 2024, WORMS)

ARX-type models with asinh-transformed regressors, one for the day-ahead price:

7 [ ~ ~
DAy » = szl BpDAd—pn+ BsDAg—1 + BoDAy_1 + Biolan + BiaWa

yesterday's max & min prices  load & wind prod. forecasts

AR-type effects

7
+ B12API2y 5+ P13 TTF4_2+ szl Bp+13Dp €4 1
—_—

coal & NG prices

daily dummies

and one for the day-ahead price spread:
7 — A
ADAg py .1, = szl BoADAG—p py .1, + B (DAd—l — Md_l) + BoALg py .,
N 7
+ BroAWqy by h, + B11API2g_> + Bio TTFy_ + szl Bp+12Dp + €d hy by
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Financial evaluation Which loss function to minimize?

Loss functions in regression models cont.
(Serafin & Weron, 2024, WORMS)

Consider the following loss functions:

(*] MSE ‘C(},}ta_yt) - mean(yt — }’}t)2

o MAE: L(¥:,y:) = meanly, — |

o SMAPE: L(;, yr) = mean -5

e PS for g = 10%, 20%, ..., 90%:
L(Ve, ye) = mea”(]ly@t —q)(y: — Jt)

@ Directional Loss Function (DLF) which linearly
penalizes ADA of the same sign, but adds a
quadratic cost to predictions of wrong sign:

£(3e.y0) = mean (| — 9+ max(0, ~3y.5,))
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Financial evaluation Which loss function to minimize?

Point forecasts-based trading strategies
BESS operating cost of 100 EUR per charge-discharge cycle (Serafin & Weron, 2024, WORMS)

300
- ‘/'Z”tce Ifo“?c’dSt @ Compared to Uniejewski & Weron
ctual price
e Selected hours ) (2021, ENEECO), threshold T limits
_ 2807 ; 1 trading to the most profitable days
ey
é @ After selecting (h1, h2) check if the
> expected profit exceeds T:
200
F ADAgppy > T
o
150 | . If :
= @ If met, place price-taker buy and sell
= E orders, otherwise do not trade
h - ) =
1 - - —-—
100 : : : : : :
4 8 12 16 20 24

Hour of the day
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Point forecasts-based trading strategies cont.

(Serafin & Weron, 2024, WORMS)

Real price differences
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Figure 2: Real price differences, differences of predicted prices from Model 1 and predicted price spreads from Model 2 on 09.12.2023. Forecasts are obtained by
minimizing the MAE. Black rectangles — pair of hours with the highest price difference (from left to right): (15, 20), (5, 20) and (14, 20)
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German market data from ENTSO-E Transparency

1000 ‘ ]
Initial calibration window < | = Out of sample period
=)
=) 500
25
@
2
=}
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Hard Russian invasion
lockdown on Ukraine High RE{
-500 ! wpekend !
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=
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Figure 1: Day-ahead prices , load forecasts and wind generation forecasts. Events: hard lockdown in Germany (15.12.2020), Russian invasion of Ukraine
(24.02.2022), and a high RES generation weekend (on Sunday 02.07.2023 at 3pm the price reached —500 EUR/MWh)
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Profits per trade and Sharpe ratios

DLF and PS (—

2021

2022

) for low g are the best-performing models
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Financial evaluation Which loss function to minimize?

Loss functions in regression models: Conclusions
(Serafin & Weron, 2024, WORMS)

@ DLF and PS for low g (here: 10%) exhibit the
most consistent performance

@ They are the best-performing models in terms
of profits per trade and Sharpe ratios
@ The total profit is commonly used in the
literature, but
o It favors frequent trading
e Can lead to misleading conclusions, esp. when
the BESS operating costs are ignored
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K. Maciejowska, B. Uniejewski, R. Weron (2023) Forecasting electricity Contents
prices, in "Oxford Research Encyclopedia of Economics and Finance"

Oxford University Press, DOI: 10.1093/acrefore/9780190625979.013.667. Statisties

™ ns, and edited vol
Working paper version available from arXiv: https://doi.org/10.48550/ lonographs, reviews and edited volumes

arXiv.2204.11735 Peer-reviewed articles in JCR-listed journals
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journals

A. Jedrzejewski, J. Lago, G. Marcjasz, R. Weron (2022) Electricity price
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forecasting: The dawn of machine learning, IEEE Power & Energy

Conference papers
Magazine 20(3), 24-31 (doi: 10.1109/MPE.2022.3150809). Working paper
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