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Introduction Electricity markets and prices

Markets for electricity in Europe ...
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Introduction Electricity markets and prices

... are undergoing a transformation ...
The resource mix transitions from fossil fuels to renewables

93
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2.6.2	 Gross Electricity Generation
	 BY FUEL – EU-28 – ALL FUELS – 1990-2016 (TWh)

Source: Eurostat, May 2018 
Methodology and Notes: See Appendix 13 – No 2
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Transformation of the electricity sector

RENEWABLE GROWTH DECENTRALISATION

Sources: EU (2018), Adigbli (2017)
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Introduction Electricity markets and prices

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

... in particular due to the ‘duck curve’ effect
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Introduction Electricity markets and prices

Where’s the duck?
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Introduction Electricity markets and prices

Germany 2010: No ducks

Source: www.energy-charts.de

Rafał Weron (Wrocław, Poland) Recent advances in EPF 25-28.5.2019 WEE19, Seoul/Jeju 7 / 50



Introduction Electricity markets and prices

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

Source: www.energy-charts.de
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Introduction Electricity markets and prices

What about wind infeed?
A closeup on two weeks in December 2016 in Poland
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Introduction Electricity markets and prices

Supply and demand, renewables and negative prices

Source: Ziel & Steinert (2018, RSER)
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Introduction Electricity markets and prices

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

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

Role of EPEX SPOT in the electricity market
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Introduction Electricity markets and prices

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 ...

10

20

30

40

Time

P
r
ic

e
 i

n
 E

U
R

/M
W

h

6 18 6 18 6 18 6 18 6 18 6 18 6 18 6 1812 24 12 24 12 24 12 24 12 24 12 24 12 24 12 24

D-6 D-5 D-4 D-3 D-2 D-1 D D+1

Rafał Weron (Wrocław, Poland) Recent advances in EPF 25-28.5.2019 WEE19, Seoul/Jeju 13 / 50



Introduction Modeling frameworks

... or multivariate?
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Introduction Modeling frameworks

Day-ahead point forecasting: Regression ...

Electricity price for day d and hour h:

Yd ,h = βh,1Yd−1,h + βh,2Yd−2,h + βh,3Yd−7,h︸ ︷︷ ︸
autoregressive terms

+ βh,4Y
min
d−1︸ ︷︷ ︸

non-linear effect

+ βh,5Yd−1,24︸ ︷︷ ︸
end-of-day effect

+ βh,6Zd ,h︸ ︷︷ ︸
load forecast

+
∑7

j=1
βh,j+6Dj︸ ︷︷ ︸

weekday dummies

+εd ,h,
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Introduction Modeling frameworks

... neural nets ...

...

Yd−1,h

Yd−2,h

Yd−7,h

Ymin
d−1

Yd−1,24

Zd,h
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Introduction Modeling frameworks

... or deep neural nets (DNN)?

...
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Ymin
d−1

Zd

D1

D7

Yd

Input
layer

Hidden
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Hidden
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NOTE: Yd and Zd are 24× 1 vectors
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Introduction Modeling frameworks

Flexibility comes at a cost

DNNs have many ‘hyper-parameters’ which can be fine-tuned ex-ante
using similar datasets, e.g., in Keras/Python:

network structure (#layers, #neurons in layers, recurrence)

optimization algorithms: ADAM & variants (ADAMAX, ADAGRAD),
SGD, RMSprop

activation functions: eLU, ReLU, tanh, sigmoid

max training epochs allowed: 50, 100, 200, 500

batch size: 16, 32, 64, 96, 128, 192, 256, 384, 768

∼ 5% decrease in MAE, compared to default values
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Introduction Modeling frameworks

What about the intraday market?
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Introduction EPF review

First read on electricity price forecasting (EPF)
R.Hyndman (EIC): “this paper alone is responsible for 0.7 of the IF2016=2.642” ;-)
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Agenda

1 Variable selection
2 Beyond point forecasts
⇒ probabilistic forecasts

3 Combining forecasts
Point forecasts
Probabilistic forecasts

4 Preprocessing
Transformations
SCAR framework

5 Combining revisited
Calibration windows
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1. Variable selection Price autocorrelation

Price autocorrelation: Today vs. yesterday

Source: Ziel (2016, IEEE-TPWRS)
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1. Variable selection LASSO and elastic nets

Variable (feature, input) selection using LASSO
(Uniejewski et al., 2016, Energies; Ziel, 2016, IEEE-TPWRS; Ziel & Weron, 2018, ENEECO)

Table 5: Mean occurrence (in %) of the multivariate lasso model parameters across all 12 datasets and the full out-of-
sample test period. Columns represent the hours and rows the parameters of the 24lassoHQC

DoW,p,nl model, see Eqn. (15)
for details. A heat map is used to indicate more (→ green) and less (→ red) commonly-selected variables. Continued
in Table 6.

h 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

D
ay

(d
−1

)

φh,1,1,0 21.42 10.61 9.04 21.81 21.58 11.41 12.62 13.04 12.07 8.86 8.89 8.62 7.10 8.43 6.13 5.93 3.17 0.92 1.63 3.26 4.87 9.18 13.31 19.85
φh,1,2,0 41.75 24.36 11.67 4.86 5.44 11.05 16.98 9.80 7.99 6.77 10.67 7.19 6.35 10.08 11.18 10.70 8.47 4.43 4.91 3.58 6.20 5.52 9.19 27.72
φh,1,3,0 31.88 39.68 34.41 16.96 9.72 11.60 7.48 2.46 1.29 1.62 1.82 0.64 1.10 2.06 2.39 2.40 4.34 5.21 9.95 10.41 8.36 10.53 10.91 21.31
φh,1,4,0 21.50 29.19 39.28 58.20 40.34 11.96 3.39 3.25 4.58 4.36 3.61 2.66 3.26 0.75 0.67 0.25 0.42 1.02 3.02 3.37 2.65 3.66 1.14 9.88
φh,1,5,0 32.53 28.35 35.31 51.97 63.97 45.06 13.95 13.64 16.55 15.18 15.80 10.09 11.89 7.81 5.01 3.56 4.77 1.17 1.04 0.74 5.41 7.99 3.39 6.69
φh,1,6,0 39.64 41.88 41.60 44.22 54.20 72.06 42.67 20.43 12.95 12.71 6.73 6.12 7.24 4.20 5.07 3.16 2.35 1.75 2.59 2.39 4.03 4.41 1.55 4.67
φh,1,7,0 14.67 17.46 10.22 9.48 12.07 19.85 59.92 24.92 14.61 10.70 3.68 7.14 10.71 11.75 10.44 10.80 7.79 7.74 6.96 5.86 6.98 3.43 0.37 0.27
φh,1,8,0 10.51 16.08 15.98 16.44 18.32 17.81 19.94 50.14 43.98 15.24 5.71 5.87 6.80 6.71 6.25 7.10 7.60 2.82 2.14 8.68 10.28 4.71 4.77 1.70
φh,1,9,0 4.55 3.23 3.04 3.29 3.26 4.73 3.44 10.45 29.03 16.02 6.90 5.66 13.84 13.96 15.17 13.27 20.25 19.73 12.12 7.87 6.27 3.52 3.95 2.94
φh,1,10,0 1.06 0.67 1.70 3.14 2.71 4.41 2.55 0.85 6.53 12.52 10.24 4.29 3.46 7.52 10.73 17.44 28.05 29.79 14.38 10.66 5.65 7.72 4.44 3.46
φh,1,11,0 9.82 0.19 4.06 3.58 4.56 4.58 1.80 2.58 11.75 19.77 8.90 2.99 0.31 0.00 0.00 0.17 2.62 4.57 3.84 0.54 0.07 0.12 0.41 0.02
φh,1,12,0 3.18 0.54 3.59 5.93 12.65 8.56 6.02 2.27 5.97 27.63 33.81 23.73 7.70 1.39 0.61 2.69 6.35 8.62 8.90 6.10 4.08 2.32 2.24 0.15
φh,1,13,0 2.61 2.15 2.05 10.61 10.86 5.85 5.27 3.58 4.75 6.53 13.51 25.40 26.51 10.94 3.80 1.42 0.82 3.80 3.62 1.76 1.72 2.51 3.43 2.72
φh,1,14,0 8.11 3.18 5.33 6.03 7.05 5.39 6.29 8.75 6.23 16.75 32.36 48.57 55.45 46.23 27.45 8.23 4.38 1.85 2.65 1.00 0.90 2.04 1.39 1.05
φh,1,15,0 5.69 5.40 1.01 1.24 1.20 1.04 0.09 5.44 6.44 22.26 30.49 28.40 36.55 43.33 40.31 21.81 4.59 1.32 0.80 0.74 0.61 2.13 1.68 2.46
φh,1,16,0 8.71 9.36 5.90 5.94 4.72 14.99 11.28 17.03 23.49 22.16 25.10 30.27 41.13 37.42 45.01 46.93 19.64 6.17 4.26 6.80 4.30 1.24 0.85 5.83
φh,1,17,0 15.47 17.07 7.86 5.12 5.31 10.53 10.93 4.56 7.90 8.56 14.35 28.22 35.94 46.70 61.90 69.02 71.11 21.76 5.54 3.82 1.66 1.06 2.20 2.52
φh,1,18,0 45.87 38.17 34.61 36.67 38.24 35.07 30.71 26.87 20.60 27.90 36.43 44.84 53.83 60.77 67.40 76.67 96.86 98.27 46.23 11.23 2.72 5.66 6.31 11.48
φh,1,19,0 40.18 54.28 61.40 53.42 46.69 49.64 22.85 43.51 39.30 42.98 46.41 32.88 29.82 32.84 25.37 28.45 27.92 67.46 93.92 28.63 4.60 5.87 8.42 19.06
φh,1,20,0 26.83 36.61 33.45 23.02 25.11 49.99 63.97 61.77 42.97 41.38 36.44 27.63 28.21 22.75 19.95 19.69 18.18 10.17 43.88 94.59 46.29 7.63 3.84 9.61
φh,1,21,0 35.19 31.57 23.84 23.38 23.04 45.30 77.22 69.11 67.79 67.09 63.11 59.66 43.68 42.45 41.45 38.86 35.14 25.28 26.83 51.94 92.74 48.93 11.74 16.59
φh,1,22,0 43.63 38.34 39.88 45.70 47.89 50.66 70.33 61.18 68.10 60.56 63.11 64.87 52.10 48.25 47.32 47.90 42.08 27.31 25.42 28.63 75.75 99.17 60.31 32.36
φh,1,23,0 30.38 22.55 18.56 18.73 22.85 17.96 25.37 30.99 41.82 50.92 62.93 70.34 65.37 61.04 57.70 56.01 51.60 46.40 38.14 37.16 32.31 63.60 95.44 68.07
φh,1,24,0 100 100 100 100 100 100 99.99 96.41 94.71 93.01 91.30 90.15 92.68 93.25 95.27 95.59 91.48 90.29 87.18 77.23 77.69 81.20 90.89 100

D
ay

(d
−2

)

φh,2,1,0 15.84 1.79 4.21 5.25 5.34 3.34 3.83 5.68 6.57 8.00 10.54 10.66 8.02 11.72 11.28 11.46 14.86 11.63 9.81 6.47 7.57 17.03 12.15 32.15
φh,2,2,0 11.33 11.67 7.23 5.03 4.41 6.66 12.34 6.97 4.28 5.55 4.67 5.33 8.32 8.02 7.12 5.63 4.00 6.00 5.11 3.81 3.23 3.82 2.50 10.75
φh,2,3,0 6.16 19.18 16.01 5.20 3.99 12.08 14.63 12.38 13.78 9.46 5.96 5.47 6.82 7.90 7.75 9.05 9.76 8.52 7.94 4.85 5.64 3.63 1.80 5.23
φh,2,4,0 7.46 7.07 17.57 28.57 20.01 20.24 15.02 14.12 10.38 4.21 4.35 2.68 2.03 7.60 9.97 8.58 5.64 5.61 5.57 2.74 2.69 2.10 0.26 1.05
φh,2,5,0 28.03 22.72 22.68 31.32 44.40 26.97 23.42 20.64 17.51 13.66 7.71 3.55 6.29 5.84 8.70 8.59 6.37 5.43 6.28 1.62 0.25 2.31 4.53 6.02
φh,2,6,0 5.56 12.60 6.95 7.92 8.61 17.33 19.61 14.77 8.82 7.02 8.17 8.44 9.15 8.67 5.67 5.31 5.11 4.59 6.25 5.51 6.62 4.47 3.62 2.76
φh,2,7,0 7.69 7.04 6.93 9.31 7.69 5.55 13.85 10.65 5.23 1.87 2.63 2.86 6.14 7.68 5.06 3.25 3.08 0.70 0.50 2.54 0.89 0.49 1.06 3.11
φh,2,8,0 3.06 4.69 9.56 8.40 10.46 14.53 7.63 6.42 3.82 3.07 3.20 6.65 11.17 10.39 11.62 12.43 12.32 10.38 4.77 4.20 2.95 5.24 3.71 2.50
φh,2,9,0 4.38 4.91 6.96 7.16 4.28 6.49 0.88 0.83 2.22 0.50 0.13 0.22 0.25 2.50 5.54 9.77 16.26 18.22 13.66 14.32 6.20 3.02 6.17 8.61
φh,2,10,0 0.58 3.38 9.78 12.23 8.61 8.68 2.64 4.91 6.27 8.20 1.41 0.90 0.71 1.51 1.19 3.80 6.17 8.54 5.95 4.83 2.51 1.85 0.35 0.29
φh,2,11,0 4.12 5.40 6.54 8.88 5.96 7.08 0.78 2.43 4.39 8.82 7.44 2.22 0.91 0.92 0.83 2.70 4.55 6.91 10.88 9.55 4.27 0.87 1.10 1.12
φh,2,12,0 2.87 7.99 10.28 16.54 15.03 8.20 2.49 3.39 2.09 5.72 10.04 4.87 0.77 0.07 0.14 0.03 0.08 1.01 2.95 2.84 4.55 1.37 2.40 2.96
φh,2,13,0 1.60 2.15 7.18 9.78 9.10 8.91 9.30 4.47 2.52 3.00 9.57 16.71 20.59 10.52 8.47 5.60 2.31 4.66 10.47 7.13 2.42 0.82 4.37 2.99
φh,2,14,0 0.34 3.70 4.58 5.43 7.52 6.51 2.43 2.35 1.31 1.12 2.02 3.82 5.66 5.38 3.44 0.63 0.21 3.03 3.84 5.05 3.62 0.74 0.01 0.40
φh,2,15,0 0.53 2.00 7.82 8.78 11.00 8.52 15.17 12.04 5.29 1.82 2.79 8.16 9.21 7.86 5.62 0.28 0.42 6.18 2.34 6.29 1.78 2.78 0.22 2.90
φh,2,16,0 2.25 3.88 5.04 6.00 7.62 7.56 1.89 4.49 2.91 2.73 1.85 4.04 4.37 5.83 5.29 8.06 5.37 12.93 12.28 6.63 1.72 3.06 2.85 12.53
φh,2,17,0 1.87 2.68 8.77 10.66 15.49 9.29 1.75 4.29 7.67 8.33 1.10 1.99 6.61 8.02 14.35 19.60 22.91 10.93 5.91 1.53 0.50 0.47 0.96 3.47
φh,2,18,0 0.45 5.17 7.79 6.99 7.79 6.17 6.30 6.01 1.53 1.50 2.35 4.88 14.11 16.96 23.02 35.14 55.58 71.47 19.41 2.91 0.60 1.75 3.62 6.15
φh,2,19,0 1.13 0.78 1.21 0.59 0.90 2.40 0.99 2.20 1.07 0.86 1.85 8.21 9.90 11.38 11.78 15.90 20.69 22.86 65.00 7.55 10.46 2.90 3.92 4.87
φh,2,20,0 8.56 3.10 4.47 4.71 6.34 2.30 8.83 8.58 4.52 3.57 3.77 9.78 13.00 14.00 13.53 15.40 13.24 13.86 15.47 78.76 18.60 12.22 15.66 16.72
φh,2,21,0 10.20 15.79 20.62 28.96 26.19 13.22 9.92 18.27 3.90 9.20 9.18 7.61 8.50 15.20 15.75 13.42 10.50 9.22 8.66 20.05 70.64 18.09 11.22 8.16
φh,2,22,0 17.33 31.56 25.33 22.22 18.10 15.44 7.23 8.50 1.41 0.87 2.39 6.00 2.21 1.54 5.28 6.41 5.99 3.83 1.45 6.88 6.76 57.21 24.05 5.87
φh,2,23,0 21.07 25.48 36.76 34.48 41.17 42.37 25.07 18.53 14.87 11.26 14.30 13.81 9.53 9.50 7.35 7.67 12.92 6.47 5.57 6.29 9.65 13.14 49.49 30.34
φh,2,24,0 14.67 14.58 24.65 33.56 34.54 25.40 16.97 16.40 12.55 10.68 10.74 11.94 22.76 19.63 15.06 14.10 9.93 2.97 7.17 12.21 14.60 27.42 38.10 54.77

D
ay

(d
−3

)

φh,3,1,0 6.76 4.68 5.62 8.37 9.62 6.95 12.04 4.02 5.48 5.87 3.20 4.20 4.75 6.05 5.69 7.44 6.69 3.50 5.22 4.71 4.83 6.12 6.56 21.20
φh,3,2,0 6.71 6.10 4.81 1.07 0.17 3.75 4.57 9.02 8.90 6.80 8.74 9.71 8.63 12.30 9.25 10.05 11.82 8.93 9.36 2.98 5.10 8.73 10.69 16.67
φh,3,3,0 9.07 16.58 10.43 3.99 1.45 2.82 2.76 2.82 2.61 1.22 0.74 2.87 3.20 2.54 2.06 1.33 2.04 0.61 0.79 0.90 1.29 1.12 4.29 1.71
φh,3,4,0 11.31 16.38 24.62 25.34 29.17 24.38 9.08 7.18 1.13 3.04 2.11 2.52 4.20 4.14 5.01 2.93 5.00 2.91 2.68 0.34 2.51 0.53 1.22 1.86
φh,3,5,0 7.51 5.12 5.18 11.50 13.86 10.25 4.71 4.42 2.25 3.15 3.46 6.39 6.50 2.19 4.91 4.63 6.75 5.63 6.11 3.54 1.71 0.69 0.52 1.79
φh,3,6,0 13.44 5.62 5.04 10.06 11.01 24.92 7.88 3.92 5.14 5.53 3.90 5.35 4.41 3.86 3.85 5.16 7.73 10.25 6.99 3.58 3.67 4.78 3.50 2.63
φh,3,7,0 14.88 15.06 22.54 21.76 17.35 15.99 24.22 20.67 17.07 14.44 11.17 9.17 3.54 3.58 5.84 4.86 4.48 10.15 9.30 16.67 4.84 2.52 0.84 1.69
φh,3,8,0 2.08 5.13 6.03 8.81 3.08 1.13 4.88 9.29 3.95 2.60 1.28 0.58 0.11 0.18 2.14 2.79 3.34 1.53 2.32 2.19 2.29 1.57 3.82 1.81
φh,3,9,0 2.95 3.12 1.51 5.82 4.95 2.60 1.45 8.35 11.09 5.59 2.15 1.59 0.71 0.49 1.80 3.25 5.84 8.81 7.98 7.24 6.00 5.61 4.56 4.46
φh,3,10,0 4.74 7.72 2.39 2.12 0.76 0.61 0.82 5.03 9.25 8.54 5.29 1.84 0.76 0.38 2.64 3.20 2.93 4.66 3.88 3.67 5.40 3.38 3.78 7.51
φh,3,11,0 2.71 0.50 1.67 2.93 3.18 3.77 7.27 12.10 4.69 6.89 6.04 2.51 0.08 2.90 3.18 1.04 0.91 2.49 1.58 1.63 0.49 0.31 0.49 1.09
φh,3,12,0 0.95 2.48 2.33 2.80 3.99 7.35 2.23 0.57 1.34 3.40 6.99 12.17 7.93 3.26 2.52 3.32 2.12 1.64 3.67 3.69 1.50 0.61 0.92 3.07
φh,3,13,0 1.51 0.77 1.83 3.64 4.05 2.26 2.06 1.21 1.35 5.31 8.46 17.77 25.33 16.77 8.93 6.91 5.25 0.92 0.06 2.53 1.20 0.49 2.56 4.59
φh,3,14,0 2.09 1.48 2.70 4.38 6.91 6.25 5.37 3.13 3.46 0.21 0.31 4.82 7.43 6.88 5.60 3.29 2.32 2.27 0.58 1.29 2.96 0.93 2.35 5.52
φh,3,15,0 0.18 1.83 1.13 2.36 3.11 3.55 4.05 3.76 5.32 0.71 0.34 0.13 0.29 4.58 9.83 12.53 5.95 6.97 8.04 3.82 2.68 2.76 3.18 6.47
φh,3,16,0 3.33 3.45 5.66 7.45 12.35 5.57 2.80 2.70 3.26 1.92 0.62 0.55 0.44 1.27 2.96 7.10 0.25 0.57 4.34 5.17 2.96 5.56 4.21 2.19
φh,3,17,0 0.55 0.65 6.17 8.98 11.99 12.71 15.72 12.11 15.58 15.59 7.68 4.72 5.74 9.33 9.37 7.54 18.29 7.02 6.31 7.39 3.89 2.39 2.46 0.59
φh,3,18,0 4.20 1.31 3.42 3.02 3.20 1.92 0.53 1.33 0.87 2.22 8.35 4.44 9.65 9.77 13.13 16.15 26.09 43.75 11.98 0.84 1.38 4.57 3.18 1.88
φh,3,19,0 3.68 3.48 4.53 3.18 3.07 4.96 4.24 0.47 0.07 2.25 5.67 5.29 5.11 2.04 1.43 1.25 3.92 11.59 46.20 7.92 1.84 4.00 3.25 3.54
φh,3,20,0 3.02 1.09 0.79 2.69 2.05 3.38 7.04 2.56 1.78 2.44 1.25 0.61 2.79 0.74 1.12 1.42 2.56 1.33 1.87 46.83 11.70 0.65 0.82 1.66
φh,3,21,0 5.73 3.04 4.21 7.49 7.74 2.76 18.60 11.10 6.76 2.87 1.35 2.77 3.19 1.88 4.40 2.58 5.53 3.78 2.71 8.09 34.61 6.37 2.49 1.03
φh,3,22,0 3.90 8.02 5.68 7.28 9.30 1.82 2.31 4.21 5.82 3.29 0.87 2.37 2.75 3.94 7.44 5.71 8.61 12.19 14.01 2.47 4.59 21.98 3.95 3.08
φh,3,23,0 5.57 14.75 16.49 16.00 12.54 8.54 4.50 2.11 3.83 4.15 7.82 4.86 4.80 3.53 3.24 5.44 4.35 4.63 7.63 8.56 4.66 11.53 29.60 12.28
φh,3,24,0 2.56 4.32 10.43 13.79 11.89 7.55 4.66 9.26 3.64 3.13 6.52 11.26 11.33 8.73 7.67 6.34 8.65 5.25 3.51 2.12 4.19 9.10 17.41 41.48

30

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. Beyond point forecasts Probabilistic and path (ensemble) forecasting

A new hype: Point → probabilistic forecasting
(ca. 7% of EPF papers)
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2. Beyond point forecasts 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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2. Beyond point forecasts Probabilistic and path (ensemble) forecasting

(Very) recent reviews of probabilistic EPF
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2. Beyond point forecasts GEFCom2014

Global Energy Forecasting Competition 2014
(Hong, Pinson, Fan et al., 2016, IJF)

Incremental data sets released on weekly basis
Price Track:

287 contestants
Submit 99 quantiles (=percentiles) for 24h of the next day

Evaluation based on the Pinball Score (‘discrete’ CRPS)
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2. Beyond point forecasts GEFCom2014

Sharpness and the pinball loss

Pinball
(
Q̂Pt (q),Pt , q

)
=

(1− q)
(
Q̂Pt (q)− Pt

)
, for Pt < Q̂Pt (q),

q
(
Pt − Q̂Pt (q)

)
, for Pt ­ Q̂Pt (q),

Q̂Pt (q) is the price forecast at the q-th quantile

Pt is the actually observed price

For an aggregate score average:
across all hours in the test period
across different quantiles
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2. Beyond point forecasts GEFCom2014

Price Track: Top winning teams
(1st and) 2nd place for QRA!

1 Pierre Gaillard, Yannig Goude, Raphaël Nedellec (EDF R&D, F)
2 Katarzyna Maciejowska, Jakub Nowotarski (Wrocław UT, PL)
3 Grzegorz Dudek (Czȩstochowa UT, PL)
4 Zico Kolter, Romain Juban, Henrik Ohlsson, Mehdi Maasoumy

(C3 Energy, USA)
5 Frank Lemke (KnowledgeMiner Software, D)
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3. Combining forecasts Point forecasts

Point forecast averaging: The idea

f1

f2

fN

…
Weights

estimation
fC

In
d
iv
id
u
al
fo
re
ca
st
s

Combined
forecast

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

‘AI world’: committee machines, ensemble averaging, expert aggregation
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3. Combining forecasts QRA and FQRA

Quantile Regression Averaging (QRA)
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3. Combining forecasts QRA and FQRA

Quantile Regression Averaging: The idea
…

Quantile regression:

In
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in
t

fo
re

ca
st

s

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

min
𝜷𝒒

 

𝑡

𝑞 − 1𝑦𝑡<𝑿𝒕𝜷𝒒
𝑦𝑡 − 𝑿𝒕𝜷𝒒

 𝑦1,𝑡

 𝑦𝑡
𝐿 ,  𝑦𝑡

𝑈

 𝑦2,𝑡

 𝑦𝑚,𝑡

𝑿𝒕 = 1,  𝑦1,𝑡 , … ,  𝑦𝑚,𝑡

𝜷𝒒 - vector of parameters 
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3. Combining forecasts QRA and FQRA

Quantile regression
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3. Combining forecasts QRA and FQRA

Quantile regression
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Linear regression
Quantile regression, α=0.95, α=0.05

Interval forecast
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3. Combining forecasts QRA and FQRA

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

…

Quantile
regression:…

k <m factors 
extracted from a panel 

of point forecasts

PCA

 𝑦1,𝑡

 𝑦2,𝑡

 𝑦𝑚,𝑡

 𝑓1,𝑡

 𝑓𝑘,𝑡 Combined interval
forecast (e.g. for 
𝒒=0.05 & 0.95)

𝑿𝒕 = 1,  𝑓1,𝑡, … ,  𝑓𝑘,𝑡
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3. Combining forecasts Probabilistic forecasts

Combining probabilistic forecasts is more tricky
(Lichtendahl et al., 2013, Mngt Sci)

Average probability forecast: F-Ave∗n ≡ 1
n

∑n
i=1 F̂i(x)

⇒ a vertical average of predictive distributions

Average quantile forecast: Q-Ave∗n ≡ Q̂−1(x)
with Q̂(x) = 1

n

∑n
i=1 Q̂i(x) and quantile forecast Q̂i(x) = F̂−1

i (x)

⇒ a horizontal average (always ‘sharper’ = ‘more concentrated’)
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4. Transformations and seasonal decomposition VSTs

Variance stabilizing transformations (VSTs)
(Uniejewski, Weron & Ziel, 2018, IEEE-TPWRS)
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4. Transformations and seasonal decomposition The Seasonal Component (SCAR) framework

Seasonal decomposition and short-term EPF

Can the long-term trend-seasonal component (LTSC) impact
short-term (day-ahead) electricity price forecasts?
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0 0.5 1 1.5 2 2.5
2

4

6

Log(price) LTSC

×104

0 0.5 1 1.5 2 2.5
-2

0

2

4

Log(price) - LTSC

Rafał Weron (Wrocław, Poland) Recent advances in EPF 25-28.5.2019 WEE19, Seoul/Jeju 40 / 50



4. Transformations and seasonal decomposition The Seasonal Component (SCAR) framework

LTSC and short-term price forecasting cont.

Rafał Weron (Wrocław, Poland) Recent advances in EPF 25-28.5.2019 WEE19, Seoul/Jeju 41 / 50



4. Transformations and seasonal decomposition The Seasonal Component (SCAR) framework

The Seasonal Component (SCAR) framework
(Marcjasz et al., 2019, IJF; Uniejewski et al., 2019, ENEECO)

1 Decompose the VST-transformed price (and exogenous series) in
the calibration window: Yd ,h → Td ,h + qd ,h

2 Fit AR(X) to deseasonalized prices and compute forecasts for
the 24h of the next day (24 separate series): qd ,h → q̂d+1,h

3 Add persistent (naive) LTSC forecasts: q̂d+1,h + T̂d+1,h → Ŷd+1,h

4 Convert into price forecasts: Ŷd+1,h → P̂d+1,h
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4. Transformations and seasonal decomposition The Seasonal Component (SCAR) framework

Can we do better?
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LTSC

LTSC forecast

Persistent forecasts are naive

Preliminary results → yes, we can do better
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5. Combining revisited Averaging across calibration windows

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

0 56 182 364 546 728

Calibration window length in days (T )

6.4

6.6

6.8

7

7.2

7.4

7.6

7.8

M
A
E

NARX

0 56 182 364 546 728
6.4

6.6

6.8

7

7.2

7.4

7.6

7.8

M
A
E

ARX Win(T )
AW(364,728)
AW(28:728)
AW(28:28:728)

AW(28,728)
AW(28:28:84,714:7:728)
AW(28,56,364,728)
AW(28,56,721,728)

Rafał Weron (Wrocław, Poland) Recent advances in EPF 25-28.5.2019 WEE19, Seoul/Jeju 45 / 50



5. Combining revisited Averaging across calibration windows

Past performance-weighted averaging
(Marcjasz, Serafin & Weron, 2018, Energies) ’—’ AW, ’- -’ WAW
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5. Combining revisited Averaging across calibration windows

Also works for probabilistic forecasts
(Serafin, Uniejewski & Weron, 2019, WP)
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5. Combining revisited Averaging across calibration windows

QRA vs. QRM (QR Machine)
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My electricity load & price modeling/forecasting network Many thanks to all co-authors !!!
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