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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

Percentage of energy forecasting publications*
(Hong, Pinson, Wang, Weron, Yang & Zareipour, 2020, IEEE OAJPE)
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Day-ahead (> 90% of papers) vs. intraday markets

Auction vs. continuous trading
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2. Model evolution

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

... multivariate ...
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2. Model evolution

... 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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2. Model evolution

... or supply & demand curves?
(Ziel & Steinert, 2016, ENEECO; Shah & Lisi, 2020, J.Forecasting)
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2. Model evolution Early EPF models

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

A simple autoregressive structure with exogenous variables (ARX):

— (1) (2
Pah = [iPd—1,n + BaPd—2,n + B3pa—7.n + BaXgh + B X5 h
autoregressive effects exogenous variables

+ B6Dsat + B7Dsun + BsDrvon 4+ €4,

weekday dummies

e.g., load (demand) and renewable generation day-ahead forecasts
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2. Model evolution Early EPF models

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

(a) (b)
< { Electricity Price
model inputs model output model inputs hidden layer model output ForecaStIng

By Arkadiusz Jedrzejewski, Jesus Lago,
Grzegorz Marcjasz, and Rafal Weron

Early EPF models: (@) linear regression and (b) a single-output shallow neural network
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Shrinking redundant features
LASSO-Estimated AR (LEAR)

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

A

Yesterday's prices

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

B = argmin {RSS + )\Z |5j|}
Bj j=1
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Shrinking redundant features
LASSO-Estimated AR (LEAR)

(Uniejewski et al., 2016; Ziel, 2016; Ziel & Weron, 2018; Jedrzejewski et al., 2022)
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2. Model evolution Deeper and deeper

Multi-output 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

.\ ul =z \uzv‘ \
Pa-7 uz Pd,2 Pd-7 Uu1,2 u2,2 Pd,2
. - / - /

Multi-output NN architectures: (a) shallow and (b) deep with 2 hidden layers
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Model evolution Deeper and deeper

What about performance?

Applied Energy 203 (2021) 116983
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Decper and decper
epftoolbox: LEAR and DNN Python codes

(Lago et al., 2021, APEN)

& ® & @ C OB hipss/epfoolboxreadthedocsio/en/latest/modules/models himl & — [+ B e

# epftoolbox

Getting started
Data management
B Forecasting models

The LEAR model

The DNN model
Model evaluation
Examples

Citation
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Docs » Forecasting models ©) Edit on GitHub

Forecasting models

This subpackage provides an easy interface to two
state-of-the-art forecasting models in the field of
electricity price forecasting:

e The LEAR model
e The DNN model

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.
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Interpretable NNs: NBEATSx

(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2023, 1JF)
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3. Calibration windows

Searching for the optimal calibration window
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@ Which window length is optimal?

e 728-day, 182-day, 56-day, ...
o Longer — better reflect trends and yield more stable parameters
e Shorter — adapt quicker to changes in the price behavior

o EPF literature: Typically selected ad-hoc
e Ranging from 10 days to 6 years
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CRNEEIITEVI MWW Averaging across calibration windows

Point forecast averaging: The idea
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@ Dates back to the 1960s and the works of Bates, Crane, Crotty & Granger

@ ‘Al world’: committee machines, ensemble averaging, expert aggregation
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CRNEENTECI RV 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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Probabilistic (interval, density) forecasting
Probabilistic (interval, density) forecasting

@ We cannot observe the true underlying distribution

= we cannot compare the predictive distribution ﬁyt with the
actual one Fy, ... only with past observations Y, 7 < t

@ Gneiting et al.
(2007a, 2007b, 2014):
‘maximize sharpness
subject to reliability’
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Probabilistic (interval, density) forecasting
Sharpness and the pinball score (or loss)

(1-9q) (\A/tq — Yt) for Yy < Y¢

PS (Y7, Y:.q) = {q (v, - ¥9) for Y, > ¢

o Y/ is the forecast of the g-th quantile

@ Y. is the actual observation 15 —
@ Also known as the quantile score —a=25%
or the linlin/bilinear/newsboy loss ! =
e For an aggregate PS (APS) average: 05
e across all t in the test period
e across all quantiles — CRPS o 0 ] >
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RN VIR IRl Averaging/combining forecasts

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

Quantile regression:

X o= rcn) 08
t
. X, = 1Y Vel
Bq - vector of parameters Combined interval
/ forecast, e.g., for
q=0.05&0.95
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LRV N R ICIEE M Averaging/combining forecasts

Quantile regression
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LRV N R ICIEE M Averaging/combining forecasts

FQRA: When the number of predictors is large

(Maciejowska, Nowotarski & Weron, 2016, IJF)
Xy = [l'fl,t' mfk,t]

k < m factors

extracted from a panel
of point forecasts

Individual point forecasts
L ]

Rafat Weron (Wroctaw TECH, POL) Recent advances in EPF

Combined interval
forecast, e.g., for
q=0.05&0.95

Catapult, 29.11.2023 27 / 46


http://dx.doi.org/10.1016/j.ijforecast.2014.12.004

RN VIR IRl Averaging/combining forecasts

LQRA: When the number of predictors is large

(Uniejewski & Weron, 2021, ENEECO) ~ 5% improvement over QRA
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Distributional Deep Neural Nets (DDNN)
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—1
Pd—2 \u“ u2,2
\
Pa—7 U1,2 u2,1
N / : / :
Ui,n U2,m
D
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4. Beyond point forecasts Distributional Deep Neural Nets (DDNN)

Perform surprisingly well ...
(Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)
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4. Beyond point forecasts Distributional Deep Neural Nets (DDNN)

... also for point forecasts
(Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)

MAE RMSE CRPS

LEAR-Ens 4.372 6.375 -

naive 9.336  14.358 3.585
LEAR-QRA 4.161 6.676 1.575
LEAR-QRM 4.285 6.788 1.662
DNN-QRA 3.668 5.845 1.399
DNN-QRM 3.670 ~ 5.821 1.412
DDNN-N-pEns 3.663 5.962 1.351
DDNN-N-qEns 3.670 5.962 1.348
DDNN-JSU-pEns = 3.542 6.146 1.304
DDNN-JSU-qEns 3.564 6.174  1.299
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Path (trajectory, ensemble) forecasts
(Serafin, Marcjasz & Weron, 2022, ENEECO; 2023, WP)

Data}, II = Data; II =

Market data

ﬁl @?m LASSO LASSO

DDNN ] [ QR ] QR
FXane,) | o (Fanes,) Fane) | oo FXanesy)

!

K DDNN-copula

~

Market data ]
Poi
{ LASSO ] [ LASSO ] forecasts
DDNN QR Probabilistic
(Sec 4.1) forecasts
[
/ Bootstrapped
/ Gaussian Copula Gaussian Copula Path
[ (Sec 422) ] { (Sec 422) vedtors of enors forecasts
Random Random Starting
quantlles att; quannles atty point for
paths
Direct Direct Direct Prediction
(Sec. 4.3) (Sec. 4.3) (Sec. 4.3) band
LQc LASSO-bootstrap /

Rafat Weron (Wroctaw TECH, POL)

Recent advances in EPF

Catapult, 29.11.2023 33 /46


https://doi.org/10.1016/j.eneco.2022.106125

_ r——————"

Contents liss available at ScienceDirect

(2014)
International Journal of Forecasting

il

Review

Electricity price forecasting: A review of the state-of-the-art @WM
with alook into the future

o Rafat Weron
e ARTiCLE INFO AsTrACT

Fepwori

‘Avariety of methods and ideas have been tried for eecricly pricefrecasing (EPF) over

[ ———— s expian e
("] i

Contens lsssvalable at SeienceDiset (2018)

i s
Renewable and Sustainable Energy Reviews o

fournal homepage: wws.elsevier com locateirser

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

Jakub Nowotarski, Rafal Weron'

ARTICLE 1NFO ABSTRACT
° e S e ey f e ot e e drts . Ry e o B 1
Applied Energy

journsl homepsge:

romocstaispeneray

Forecasting day-ahead clectricity prices: A review of state-of-the-art
algorithms, best d an open-access benchmark

© Financial evaluation Pt
o Euros not errors

ABSTRACT

m, e, ey e g s o o \mwd m e Wm B mpk,

o what s the

b s whn o i, o 18 e e Ul o e oot

o e s, m 08K, e . e e oSt don, becsas o e S
P Dthon bollo, stk

fat Weron (WroctawTECH, PO

Recent advances in EPF Catapult, 29.11.2023 34 /46


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

5. Financial evaluation Day-ahead bidding

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

Simultaneously bid day-ahead:
29 Sept 2017 1
@ buy 1 MW for Pd;,f‘ at hour hy

300 ‘ :
Day-ahead 80% PI
A | pri A
o Soloetod hours @ sell 0.8 MW at PJ, at hour hy
250 ] ,ho
s : 0 .
= — With o = 10% the spread is
5 200 s 590%
z maximized for P = 133
< 510% _ :
£ and P1%% = 204 PLN/MWh
| @ If bid(s) not accepted, settle in
100 .
4 8 12 16 20 24 the balancing market
Hour of the day
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5. Financial evaluation Day-ahead bidding

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 4343231 43289.09 43033.88
F-Ave 39 848.26 43 369.44 44 052.04 44 088.11 43 130.34
QRM 41 163.29 43 054.28 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
-_—l el el
I
I
I
I
L ) I
-— 7 emm v e v
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5. Financial evaluation Intraday trading

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2022, ENEECO)
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5. Financial evaluation Intraday trading

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2022, ENEECO)

@ The prediction band determines the price of the /imit order
which is placed in the market every 15 minutes

| | —e—Prediction band
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5. Financial evaluation Intraday trading

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2022, ENEECO)

o If the order is not filled, the limit order is modified to match the
next value of the prediction band

| | —e—Prediction band
—e— Current time
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5. Financial evaluation Intraday trading

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2022, ENEECO)

o If the order is not filled, the limit order is modified to match the
next value of the prediction band ... again and again ...

| | —e—Prediction band
—e— Current time

— — —Price of limit order
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5. Financial evaluation Intraday trading

Prediction bands-based trading strategies
(Serafin, Marcjasz & Weron, 2022, ENEECO)

| |—e—Prediction band
—e— Current time

— — —Price of limit order
—o—Real price
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@ If none of the orders was filled, the electricity is sold at the last
price in the market
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5. Financial evaluation Intraday trading

Profits: Selling 1 MW every hour for 200 days

(Serafin, Marcjasz & Weron, 2022, ENEECO)
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