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Hourly Load Forecasts: Who Relies on It and Why

Electricity is difficult to store:

= delivered through an interconnected
European grid

) requires constant balance between supply
and demand for stability

&fe achieved by adjusting supply to
fine-resolution anticipated demand through
domestic power plant production, storage
utilization, and imports or exports

power plant, storage, grid and finan-
cial operators need hourly load fore-
casts

Load [GW]
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Figure 1: Schematic illustration of the ENTSO-E power grid with
average load (2023) across 24 participating European countries.



Hourly Mid-Term Load Forecasts:

A Research Gap [4, 1] Crucial for Practitioners

Short-term Mid-term Long-term
(several hours to days) (several weeks to one year) (several years)

S

bidding, pricing, trading
(intraday, day-ahead auctions)

supply adjustment

[pricing & hedging of futures, forwards, PPA]

[production planning] [seasonal arbitrage]

[infrastructure maintenance scheduling]

[battery degradation management]

[optimal storage sizing]

investment decision




Probabilistic and Multivariate Hourly Mid-Term Load Forecasts:

Accounting for Cross-Country Uncertainties in Load Characteristics

Characteristic Load Effect Spatial Level Type of Uncertainty
Calendar Daily, weekly, yearly, and holiday National Deterministic
patterns due to calendar-based human
behavior
Meteorological Temperature, climate conditions, National- Stochastic (multiple
humidity, wind speed, cloud cover (Transnational) seasonalities)
affecting electric heating, cooling, and
lighting
Socio-Economic & E.g. Economic growth, population size, (National)- Stochastic
Political fossil fuel prices, political incentives for Transnational (non-stationary with unit
decarbonization impacting mid- to root)
long-term load levels
Autoregressive Remaining short to mid-term load National- Stochastic
deviations (Transnational)

Table 1: Various facets, see [3], explaining load categorized in terms of spatial level and uncertainty type.
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Table 1: Various facets, see [3], explaining load categorized in terms of spatial level and uncertainty type.

cross-country uncertainties in mid-term load = probabilistic and multivariate forecasting across Europe
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Starting Point: A Country-Specific Point Forecasting Model
Generalized Additive Model (GAM) Specification [2, 5]

Load; = o + w(Xe) + Ex , o€eR,

smooth effects in covariates short-term autoregressive effects

Et =11+ ...+ PpEip + PR,

M(xt) — ﬂCalendar (XtCalendar) + L Temp (XtTemp) + ’uSocEconPol (XfocEconPol)

calendar effects meteorological effects socio-econ. & political effects

» Calendar variables Xﬁflf”d‘" are known

» Stochastic variables X:fhmp, XZopEconPol g, . need to be forecasted

» Separately estimated models

= error processes € emP gSockconPol AR Hpe treated as independent



From Country-Specific Point to and Probabilistic Forecasts

Loadt = o+ ﬂCalendar (XtCalendar) + ’uTemp (XtTemp) + MSocEconPol (XtSocEconPol) + \g;/

stochastic

v

simulate via simulate via simulate via
ez—irp ~ N(O, ETemp) efj’_iE“’"P"’ ~ N(O,ESOCECO"P°I> eAR N(O, EAR>

deterministic stochastic stochastic
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= For each stochastic component, simulate trajectories via the model mean and error
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From Country-Specific Point to and Probabilistic Forecasts

Loadt = o+ 'LLCalendar (XtCa/endar) + ’uTemp (XtTemp) + MSocEconPol (XtSocEconPol) + \g;/

stochastic

simulate via simulate via simulate via
Te o Te <SocEconPol <AR
etif;:P NN(O,Z emp) EfiiECGnPO’ NN(O,Z ocEcon o> 6‘?_51 NN(O,Z >

o

\combine in GAM/
\4

deterministic stochastic stochastic

For each stochastic component, simulate trajectories via the model mean and error

=
= Capture transnational dependence by sampling multivariate €, ~ N (0, f)
= Ensemble these trajectories within the country-specific GAMs

=

probabilistic load forecasts



Modelling of X ®™: Smoothing » GAM » AR

Thermal inertia and delayed human reactivity

v

Exponentially smoothed temperatures

XtTemp = aXtIelmp +a(l— a)XtIZmp + -t a(l— a)t72X1Temp

where a1 = 6,24 governs the memory on past temperatures



Modelling of X ®™: Smoothing » GAM » AR

Thermal inertia and delayed human reactivity

v

Exponentially smoothed temperatures

XtTemp — OtX Temp + OL(]. _ O!)X Temp T (}!(1 _ a)t72X1Temp

where a~! = 6,24 governs the memory on past temperatures

To capture extreme meteorological events

v

Extend in-sample data for GAM estimation to 20 years,

include monotonous smooth trend for climate change
effects

)"(';, Temp — Oi’ Temp + Hi, Season (XtSeason) + Mi,Trend (XtTrend) o Eit,Temp
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Figure 2: Five-year moving average temperature 1999-2024.



Modelling of X°°cEconPol: Retrieved Endogenously

» Hourly mid-term forecasts for external
economic and policy indicators are scarce
= retrieve SocEconPol trend from load data
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» Hourly mid-term forecasts for external
economic and policy indicators are scarce
= retrieve SocEconPol trend from load data

» Temperature, holidays and policy shocks act
on similar time scales
= simple detrending of Load; would mix
effects (see figure)
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Figure 3: Hourly Load (black) and temperature (red) with their weekly
moving average during first COVID-19 lockdown in France.
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Figure 3: Hourly Load (black) and temperature (red) with their weekly
moving average during first COVID-19 lockdown in France.

Two-stage retrieval:
(1) Remove calendar & weather effects: Load, = yCalendar( X Calendar) | Temp( x Tempy 4

(2) Aggregate residuals: X>°cEconPol — \veekly aggregate(r;)



Modelling of X°°cEconPol. Cross-Country Patterns

X-SockconPol shows geographically coherent clusters of countries

» Dynamics align with economic expansion, holidays,
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Figure 4: Standardized Xf"CEC""POI by cluster for data 2015-2019 (left) and 2019-2023 (right).



Modelling of X>°cEconPol. Correlations with External Indicators

— > Pre-COVID (left panel):

» positive with GDP, production, prices

> negative with unemployment and some
uncertainty measures

= endogenous trend reflects economic
expansion

> COVID / energy crisis (right panel):

» energy prices and several price indices
turn negative

» links to uncertainty indicators strengthen

= endogenous trend reflects contraction
and heightened uncertainty

Corelation

Conelaion
"10-05 00 05 10

Figure 5: Correlations between X,,‘?DCECD”POI and energy prices,
macroeconomic, energy and uncertainty indicators, for Germany 2015-2019
(left) and 2019-2023 (right).



Modelling of X°ocEconfol: VAR, VECM, VETS

Incorporated through Vector models recognizing transnational dependence

Model Unit-Root Assumption
Vectorautoregressive (VAR) Model stationarity

Vector Error Correction Model (VECM)
Vector Error-Trend-Seasonal (VETS) Model

one joint underlying unit root (single pan-European socio-economic and political non-stationary trend )
country-specific unit root with common smoothing parameter (common memory of past observations)

varying assumptions on persistence of socio-economic and political trend in the forecasting horizon

Model — VAR — VETS — VECM — Residuals GAM — Residuals GAM aggregated-reaggregated
France Germany

Figure 6: Fitted and forecasted X?OCECO"POI’Stat for in-sample data 2019-2023.




Results: Forecasting Performance in Terms of CRPS

SRWA FNN VAR _ VECM  VETS
Austria | 0333 0277 0252  0.252  0.257
Belgium | 0.404 0.372 0.340 0.340 0.334 H .
Bulgaria = 0.253 = 0.210 0205 0.205  0.228 > Design:
Czech Rep. | 0.343  0.260  0.247 0248 0253 » forecast horizon H = 24 x 7 X 52
Denmark = 0.181 0172 0.163  0.154  0.165 .
Estonia | 0.049 = 0.040  0.040  0.039  0.043 » 24 European countries
Fbi}ﬂand gg‘; gggz g"fgs g;‘fss gggi » 50 forecasting experiments in 2015-2024
rance d ’ o A d . .
Germany | 2422 2043 1789 1814  1.695 » 4 years of in-sample data per experiment
Greece | 0419 | 0335 0326  0.317  0.362 . 4. .
Hungary = 0.237 0201 0199  0.192  0.202 > Key fmdmgS-
Ttaly | 1.856  1.600 1519  1.470 = 1.789 . .
Lotoin HROETEren 0031 Molozol 003, » superior forecasting accuracy compared to
Lithuania | 0.063 = 0.054  0.054  0.058 0.060 benchmarks
Montenegro | 0.030 0.028 0.027  0.029 0.027 . . . i
Netherlands =~ 0.633 00751 0.734  0.723  0.669 > single pan-European socio-economic & political
Poland | 0.802 0.590 0.590 0.538 0.575 non_stationary trend
Portugal | 0242 0210 0191  0.187 0214
Romania | 0340 0294 0288  0.269 0270
Serbia  0.256 | 0.287 @ 0258  0.246  0.252
Slovakia 708670 0.152 0146  0.130  0.143
Slovenia = 0.086 0078  0.072 0079  0.086
Spain | 1.249 1185  1.091  1.052  1.091
Sweden | 0.865  0.679  0.674 0.683  0.678
Sum | 16877 13.113 12.365 12.208 12.679




Results: Interpretable GAM with Trajectory Inputs

Simulation — min. Tragj — max. Traj medium. Traj Simulation ~ min. Tragj ~— max. Traj medium. Traj
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Figure 7: Temperature (left) and VETS SocEconPol (right) trajectories (min, median, max) based on the area under the curve in the Christmas holiday time.
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Results: Interpretable GAM with Trajectory Inputs

Simulation == min.Traj == max. Traj medium. Traj Simulation min. Traj == max. Traj medium. Traj
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Figure 7: Temperature (left) and VETS SocEconPol (right) trajectories (min, median, max) based on the area under the curve in the Christmas holiday time.

= High-demand scenario by combining coldest temperature with most positive soceconpol



Results: Interpretable GAM with Trajectory Inputs

Tracking the Hourly Impact of High-Demand Scenario Inputs Across Mid-Term Forecasts

= & (scenario - Poin) = (scenario - Poin)

Load [GW]
Load [GW]
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(a) France (b) Germany

Figure 8: Difference between the scenario and point forecast (top) and stacked component contributions (bottom) during the Christmas holiday time (15 Dec
2023-14 Jan 2024).



Results: Interpretable GAM with Trajectory Inputs

Tracking the Hourly Impact of High-Demand Scenario Inputs Across Mid-Term Forecasts

= & (scenario - Poim)

s ] votaas [ seasnass || an | sceconnusian | e

Load [GW]

Figure 9: Daily averaged difference between the scenario and point forecast (top) and stacked component contributions (bottom) in France for the
entire one-year forecasting horizon (Feb 2023-Jan 2024).
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