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Power markets are undergoing a transformation

The resource mix transitions from fossil fuels to renewables

2.6.2 Gross Electricity Generation
BY FUEL — EU-28 — ALL FUELS - 1990-2016 (TWh)
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Introduction

... and the price characteristics are changing
Here: 2007 vs. 2017 average daily EPEX prices for Germany/Austria
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Introduction

in particular due to the ‘duck curve’ effect

I Who gets the bill?

California, electricity load requirement
Typicalspring day, gigawatts

Anincrease of 10.96W
over three hours
(February 1st 2016)
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Source: California IS0, Economist.com
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Where's the duck?

I Who gets the bill?

California, electricity load requirement Anincrease of 10.9GW
Typical spring day, gigawatts over three hours
(February 1st 2016)
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Source: California IS0, Economist.com
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Germany 2010: No ducks
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Germany 2019: ‘Duck curve' (or ‘peak shaving
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What about wind infeed?

A closeup on two weeks in December 2016 in Poland

(Almost) no wind
MW imports + conventional
generation

z2t/MWh

r 700

N A
” \ /4\ Historical record, 600
» \ \ wind covers 34%
[ | \ | of demand

o (exports) 500
Evening peaks, 400

expensive coal fired
generators cover

25000 =N

20000

15000

300
10000 demand ~
200
5000
100
Christmas (low demand, strong wind)
0 y Y uu y " o "
1312 1412 1512 1612 1712 1812 1912 2012 2112 2212 2312 2412 2512 2612
s Wind
W Conventional generators ) Dane: TGE, PSE (GPI) wyso kie
m Industrial generators, CHP, renewables (w/o wind) . N
— System-wide demand (Poland) Grudzien 2016 a pIECIE.pI

Day-ahead price (TGE / PolPX) Licencja: CC-BY 4.0

fat Weron (Wroctaw, Poland) Recent advances in EPF 08.10.2020 ZOOM, MathSEE 8/51



Supply and demand, renewables and negative prices

Price in EUR/MWh / Power in GW
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But 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

o Electricity is non-storable — no physical cost-of-carry theory

@ The workhorse of European trading is the day-ahead market

4 \
ee) EPEXSPOT TSO
DERIVATIVES DAY-AHEAD > INTRADAY BALANCING
Ye <1 hour
sefore delivery before delivery Real-time
Price variations are Optimization of Valuation of Ensuring
HEDGED GENERATION FLEXIBILITY SYSTEM SECURITY

Rafat Weron (Wroctaw, Poland)

Recent advances in EPF

08.10.2020 ZOOM, MathSEE

10/51



Introduction

The workhorse of European power trading
The day-ahead market (ca. 93% of papers)
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Introduction Modeling frameworks

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

... or functional (data analysis)?
(Chen & Li, 2017, JBES; Chen et al., 2019, Ann.Appl.Stat.)

1-step Date 2 May 2000

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

iz
Time(hours)

1-step ahead forecast: Date 29 May 2000

Novag

= S99 Daes

iz
Time(nours)

Rafat Weron (Wroctaw, Poland) Recent advances in EPF 08.10.2020 ZOOM, MathSEE 14 /51



Introduction Modeling frameworks

Dealing with asymmetry and heavy tails
(Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS)

Variance stabilizing transformations (VSTs), e.g.,
Yd,h = asinh(deh) = Iog(Pd,h + ,/Pih + 1) or (N-)PlT
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Introduction Modeling frameworks

What about seasonal decomposition?
(Nowotarski & Weron, 2016, ENEECO; Marcjasz et al., 2019, |JF)

Decompose — predict the LTSC & residuals — combine
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LTSC — the long-term trend-seasonal component
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Modeling frameworks
Day-ahead point forecasting: Regression

Electricity price for day d and hour h:

Yan = BriYd—1.n + Br2Yda—o.n + BnzYa—7.n

autoregressive terms

+ BraYP™ + BhsYa-12a + BreZan
—_—— ———— ——

non-linear effect  end-of-day effect  load forecast

7
+> 1 BrjreDj+ean,
N —

weekday dummies
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Introduction Modeling frameworks

neural nets ...

Input Hidden Ouput
layer layer layer
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... or deep neural nets (DNN)?

Input Hidden Hidden Quput
layer layer layer layer

NOTE: Y, and Z4 are (can be) 24 x 1 vectors
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Introduction Modeling frameworks

What do the experts have to say?

Forecast. Compete. Excel.
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Introduction Modeling frameworks

Why bother with ML?

Spyros Makridakis @spyrosmakrid - 8 Jun 2018 v
2a/ The Combination of approaches was the king of the M4. Out of the 17 most
accurate methods, 12 were Combinations of mostly statistical ones.

Spyros Makridakis @spyrosmakrid - 8 Jun 2018 v
5/ The five Machine Learning (ML) methods submitted in the M4 performed
poorly, none of them being more accurate than the statistical benchmark and

only one being more accurate than Naive 2, finding consistent with our PLOS paper

Spyros Makridakis @spyrosmakrid - 8 Jun 2018 v
6/ The above findings suggest that individual statistical or ML methods are of
limited value and that hybrid approaches and a combination of methods
exploiting advantages and minimizing shortcomings is the way forward to
improve f/casting accuracy and make f/casting more valuable

e Makridakis et al. (2018, PLoS ONE; 2018, 1JF)
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Introduction Modeling frameworks
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Variable (feature, input) selection using LASSO

(Uniejewski et al., 2016, Energies; Ziel, 2016, IEEE-TPWRS; Ziel & Weron, 2018, ENEECO)

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

B = argmin {RSS + )\Z \ﬁj\q}

nmuomsn}nu 9148 9029 §7.18 773 7769 8120 909 J J 1

257
3132 4440 2697

3513 5558 7147

Blue areas — constraint regions, e.g., |81] + |B2| < ¢t
Red ellipses — contours of the LS error function
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o
@ Calibration windows
o Averaging
Identifying breakpoints
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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

@ Typically selected ad-hoc
e Ranging from 10 days to 6 years
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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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CRNEENTECI RV Averaging across calibration windows

Past performance-weighted averaging

(Marcjasz, Serafin & Weron, 2018, Energies) — AW, - -" WAW
o AR1(EPEX, asinh)
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Averaging across calibration windows
Detection of change/breakpoints
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Averaging across calibration windows
EPEX-DE 18h: Pruned Exact Linear Time (PELT)

PELT: Killick et al. (2012, JASA); EPF: Kaszuba (2020, MSc)

&
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~ L- <+— Target (out-of-sample) day
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Averaging across calibration windows
EPEX-DE and PJM: MAE errors

(Kaszuba, 2020, MSc)
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74 t —#—PELT2
H Av(56:728)
7.2 Av(56:28:112, 714:7:728)
[ 3 Naive
a2 50 \
= Y ——
] e e
5.6 T T
sor sl 3, PIM(2013-2018)
4E ‘ ‘ s2h
56 182 364

Calibration w

Rafat Weron (Wroctaw, Poland)

MAE

© Win(n)
— — = Chow

- PELT1
—#—PELT2

Av(56:728)

Naive

Av(56:28:112, 714:7:728)

364

Calibration window length (7)

Recent advances in EPF

08.10.2020 ZOOM, MathSEE

31/51



@ Beyond point forecasts
o Probabilistic
o Path (ensemble)
Q
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3. Beyond point forecasts Probabilistic and path (ensemble) forecasting

A new hype: Point — probabilistic forecasting
(ca. 7% of EPF papers)
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Probabilistic and path (ensemble) forecasting
Not yet a hype: Probabilistic — path forecasting
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@ Relatively novel in EPF (but not in weather forecasting)

@ Operational decisions often depend on prices for multiple hours
in a row (e.g., ramping costs of power plants)

@ Regulatory incentives: in Germany a wind park can receive less
subsidies if the electricity price is negative for 6 hours in a row
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3. ond point forecasts Probabilistic and path (ensemble) forecasting

Recent reviews of probabilistic EPF

Contents lists available at ScienceDirect

(2018)

Renewable and Sustainable Energy Reviews

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

Recent advances in electricity price forecasting: A review of probabilistic @cﬂ)ssmm
forecasting

Jakub Nowotarski, Rafat Weron™

Department of Operations Research, Wroclaw University of Science and Technology, 50-370 Wroclaw, Poland
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Electricity price forecasting
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Reliability S I journal homepage: www.elsevier.com/locate/rser

Sharpness

Day-ahead market

Autoregression

Neural network

Probabilistic mid- and long-term electricity price forecasting )
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Florian Ziel*", Rick Steinert”

* Universitiit Duisburg-Essen, Berliner Platz 6-8, 45127 Essen, Germany
® Europa-Universitit Viadrina, GroRe Scharmstrage 59, 15230 Frankfurt, Oder, Germany

ARTICLE INFO ABSTRACT

Keywords:
Electricity prices

The liberalization of electricity markets and the development of renewable energy sources has led to new
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KRN VIR I EE Sl Averaging /combining forecasts

Point forecast averaging: The idea
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@ Dates back to the 1960s and the works of Bates, Crane, Crotty & Granger
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KRNV EITIR RS QRA, FQRA and LQRA

Quantile Regression Averaging: The idea
(Nowotarski & Weron, 2015, Comp. Statist.)

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

Individual point forecasts
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http://dx.doi.org/10.1007/s00180-014-0523-0

Quantile regression
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Quantile regression
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3. Beyond point forecasts QRA, FQRA and LQRA

FQRA: When the number of predictors is large

(Maciejowska, Nowotarski & Weron, 2016, IJF)
Xe= L

‘ 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
L ]

Rafat Weron (Wroctaw, Poland) Recent advances in EPF 08.10.2020 ZOOM, MathSEE 39/51



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

3. Beyond point forecasts QRA, FQRA and LQRA

LASSO QRA (LQRA): An alternative to FQRA

(Uniejewski & Weron, 2021, ENEECO)
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https://doi.org/10.1016/j.eneco.2021.105121
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Day-ahead vs. intraday markets

Auction vs. continuous trading

Bidding for d + 1

Trading for day d starts

?Bidding for day d ?
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5. Financial evaluation

Forecast price paths — set prediction bands
(Serafin, Marcjasz & Weron, 2020, WP)
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Prediction band-based trading strategy

@ The prediction band determines the price of the /imit order
which is placed in the market every 15 minutes
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Prediction band-based trading strategy

@ If the order is not filled, the limit order is modified to match the
next value of the prediction band
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Prediction band-based trading strategy

@ If the order is not filled, the limit order is modified to match the
next value of the prediction band
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Prediction band-based trading strategy

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

38 | |—@—Prediction band
—e— Current time

= — — =Price of limit order

E 36 | |—e—Real price 1
=

~

=

= 34 —
(]

Q

=

A32t ]

02:00 02:30 03:00 03:30 04:00 04:30 05:00
Jun 09, 2019

Rafat Weron (Wroctaw, Poland) Recent advances in EPF 08.10.2020 ZOOM, MathSEE 48 /51



Prediction band-based trading strategy

@ If none of the orders was filled, the electricity is sold at the last
price in the market
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Profits

Total profit from selling 1 MWh of electricity every hour of the 200-day
out-of-sample period:
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