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The challenge of generating synthetic electricity prices

O Electricity market prices are major drivers of the planning, design, strategic management and real-
time operation of energy systems, also including the water-energy-food nexus (Sakki et al., 2022).

O The energy market dynamics can be modelled in stochastic means (e.g., Hou et al., 2017), by
considering electricity prices as random processes that follow the probabilistic regime and
dependence structure of historical data.

O Typical use of stochastic models is providing synthetic data to support forecasting or long-term
simulation studies (here emphasis is put on simulation).

O Since the present structure of energy markets under the Target Model renders them strongly
dependent on socioeconomic disturbances and highly unpredictable events (financial, geopolitical &
health crises), challenging issues to account for within the data synthesis procedure are:

m the representation of inherent peculiarities of electricity market process, such as volatility, spikes,
and periodicities across seasons, weeks and the intraday cycle;

m the limited statistical information under the Target Model structure;

m the need to produce abnormal yet persistent shifts, as observed during the recent energy crisis.



Cases of Greece and Portugal
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Long-term persistence: A common aspect of physical & social processes
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/@ Hint: LTP is easily formalized in stochastic means, by assigning “heavy-tailed” auto-dependence structures.




Mind the autocorrelations!

4.000

3.000

2.000

1.000

0.000

-1.000

-2.000

-3.000

-4.000

Autocorrelation

White noise (Gaussian process)

85
127
169
211
253
295
337
379
505
547
589
631
673
715
757
799

© a®® & © G c®

0 10 20 30 40 50 60 70 80 90 100

Time lag

841
883
925
967

%

8.000

6.000

4.000

2.000

0.000

-2.000

-4.000

Autocorrelation

43

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

White noise, shifted

85
127
169
211
253
295
337
379
505
547
589
631
673
715
757
799
841
883
925
967

0 10 20 30 40 50 60 70 80 90 100

Time lag

6.000

5.000

4.000

3.000

2.000

1.000

0.000

-1.000
-2.000

-3.000

Autocorrelation

White noise with trend

43

1.00
0.90
0.80
0.70
0.60
0.50
0.40
0.30
0.20
0.10
0.00

85
127
169
211
253
295
337
379
505
547
589
631
673
715
757
799
841
883
925
967

Wfo\%\rm%’*

0O 10 20 30 40 50 60 70 80 90 100
Time lag



The stochastic modelling framework in a nutshell

O Remove of seasonality through data standardization, i.e., x; = (x; — u)/o (where u and o the
sample mean and standard deviation values of the corresponding month), thus allowing to handle the
process as stationary.

O Application of Symmetric Moving Average (neaRly) To Anything (SMARTA) scheme to standardized
data (Tsoukalas et al., 2018), comprising three major modelling elements:

m the theoretical autocovariance function (ACF), introduced by Koutsoyiannis (2000), allowing for
reproducing a wide range of time-dependence structures (including LTP; Efstratiadis et al., 2014);

m the Symmetric Moving Average (SMA) generation procedure, as formalized by Koutsoyiannis
(2000), to be aligned with the ACF;

m the Nataf’s joint distribution model (Nataf, 1962), which is related with the Gaussian copula, and
enables the explicit representation of the process of interest with any distribution model.

O Model configuration (i.e., ACF assignment and distribution fitting), and eventually data synthesis, are
facilitated through the anySim package, offering a suite of statistical and stochastic tools in R
environment (Tsoukalas et al., 2020).



Mathematical background

O Assignment of a power-type theoretical autocovariance function (ACF):

Vi =voll + kB i]"VF

where y; is the autocovariance of the process for lag i, y, is the variance and k, [ are shape and
scale parameters, respectively, that are related to the persistence of the process of interest (ARMA-
type, for f = 0, more persistent structures, as [ increases).

O Following the SMA rationale, we consider an auxiliary stochastic process z;, expressed as:
q q
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where v; are noise variables that are generated from a Gaussian distribution, and a; are weighting
coefficients (symmetric), which can be analytically determined from the sequence of y;.

O Prior to parameters a;, we identify the equivalent autocorrelations that result to the target ones (as
specified via the theoretical ACF), after mapping of the Gaussian auxiliary process, z;, to the actual
domain, x; (i.e., the real process, to which a specific distribution model is assigned).



Fitting of autocorrelation functions & marginal distributions
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Reproduction of monthly-scale statistics
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Can we trust on synthetic data for real-world decisions?

O The multiple peculiarities of electricity market price
dynamics are satisfactory reproduced by stationary
stochastic models accounting for LTP.

O The short history of the current market structure, which
seems to be a major barrier in assigning “plausible”
modeling assumptions and inferring parameters based
on the observed data, is counterbalanced by the broad
experience on stochastics, as a well-recognized and
trustable approach for representing LTP-driven
processes, also including the changing hydroclimate.

O Long synthetic prices reflecting a plethora of potential
market conditions can be eventually used as synthetic
inputs to energy system simulators, thus allowing to
quantify uncertainties and evaluate their technical and
financial performance in probabilistic means (e.g., risk).
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