Unveiling Supply Curves in Electricity Markets:
A Bayesian Inference Approach
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Perfect Competition in Electricity Markets

> Perfect competition in the day-ahead market
» All producers offer their true marginal cost
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Strategic Offering in Electricity Markets

> A large producer participating in the day-ahead market

» Can exercise "market-power” - modify market equilibrium to increase

their profit

—— Demand curve — Supply curve
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Strategic Offering in Electricity Markets: Price Maker

> A large producer participating in the day-ahead market

» Can exercise "market-power” - modify market equilibrium to increase
their profit

—— Demand curve — Supply curve
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Strategic Offering in Electricity Markets: Data .‘i
Available? =

» Model the behaviour of rival participants: Aggregate supply curve
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» Model the behaviour of rival participants: Aggregate supply curve

> Data Available?
» True offers of rival participants
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Strategic Offering in Electricity Markets: Data
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» Model the behaviour of rival participants: Aggregate supply curve

> Data Available?
» True offers of rival participantsx

» True marginal costs of rival participants 3¢
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» Model the behaviour of rival participants: Aggregate supply curve

> Data Available?
» True offers of rival participantsx

» True marginal costs of rival participants 3¢
» Market data observations ‘/
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Market Data
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Market Data: Prices
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Market Data: Volumes
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Market Data: Price Formation

Each observation of Price (€ /MWh) and Quantity (MWh)
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Market Data: Price Formation

Each observation of Price (€/MWh) and Quantity (MWh)
is the intersection point of demand and supply curves at a given hour

—— Demand curve

Supply curve
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Price Formation: Prior Knowledge

Inference Aim:
Use observations of maket data (price and quantity) to update our
prior knowledge on the aggregate supply curve (hidden variables)

Question: how to model and update our prior knowledge based on
these observations?
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Price Formation: Prior Knowledge

Inference Aim:
Use observations of maket data (price and quantity) to update our prior
knowledge on the aggregate supply curve (hidden variables)
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> Parametrize the aggregate supply curve for a specific hour (d,h)
> Arbitrary split into equal blocks (b)
» Assume piecewise linear supply function
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Price Formation: Prior Knowledge

Inference Aim:
Use observations of maket data (price and quantity) to update our prior
knowledge on the aggregate supply curve (hidden variables)
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> Price parameters updated over time
> Price parameters unknown: model as random variables

DTU Electrical Engineering, Technical University of Denmark



Price Formation: Prior Knowledge
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» Price parameters for each block modeled as independent Markov chains
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Price Formation: Prior Knowledge

Hidden variables [ Aur=2
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» Price parameters for each block modeled as independent Markov chains

> Prior knowledge on hidden variables: joint transition function

Aa+1~f(12q,6)
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Price Formation: Prior Knowledge
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» Transition function also depends on uncertain static parameters (0)
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Price Formation: Prior Knowledge
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» Transition function also depends on uncertain static parameters (0)

> Prior knowledge on hidden parameters: prior density

0 ~m()
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Price Formation: Prior Knowledge

Unknown static 0=0 8=0
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> Results of the market clearing: Market data observations (y)
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Price Formation: Prior Knowledge

Unknown static [ 0 =0 J [ Q=0 ]
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» Results of the market clearing: Market data observations (y)

» Hidden variables and parameters NOT observable
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Price Formation: Prior Knowledge
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» Observations depend on the hidden variables: observations likelihood

deL( |/1d1 9)
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Price Formation: Prior Knowledge

Unknown static [ 0 =0 J [ Q=0 ]
parameters
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Question: how to update our prior knowledge based on these

observations?
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Bayesian Inference: Posterior Knowledge

> Prosterior density P(1,.p,0|y,.p) represents posterior knowledge on
hidden variables and parameters
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Bayesian Inference: Posterior Knowledge

> Prosterior density P(1,.p,0|y,.p) represents posterior knowledge on
hidden variables and parameters

> Inference Aim: express posterior density in function of

» Transition function and prior density (prior knowledge)
» Observations likelihood
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Bayesian Inference: Posterior Knowledge

> Prosterior density P(1,.p,0|y,.p) represents posterior knowledge on
hidden variables and parameters

> Inference Aim: express posterior density in function of
» Transition function and prior density (prior knowledge)
» Observations likelihood

> Bayes’ Formula:

[=> P(A|B) «< P(B|A) * P(A) ]
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Bayesian Inference: Posterior Knowledge

> Prosterior density P(1,.p,0|y,.p) represents posterior knowledge on
hidden variables and parameters

> Inference Aim: express posterior density in function of
» Transition function and prior density (prior knowledge)
» Observations likelihood

> Bayes’ Formula:

[=> P(/ll:D» HlYl:D) X HL(ydlldte) * f(/ldl/ld—li 6) * 77:(9) ]
d
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Bayesian Inference: Posterior Knowledge

> Prosterior density P(1,.p,0|y,.p) represents posterior knowledge on
hidden variables and parameters

> Inference Aim: express posterior density in function of
» Transition function and prior density (prior knowledge)
» Observations likelihood

> Bayes’ Formula:

[:> P(AI:D! Hlyl:D) X nﬁ(ydlld! 9) * f(ldlld—lr 9) * 77:(9) ]
d

Question: how to approximate this posterior density?
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Markov Chain Monte Carlo (MCMCQC)

> Iterative sampling method

> Build a Markov chain {1,.p,6}*" that converges towards the target
density

> After a cerrtain number of steps, the sample {1,.p,8}* is
approximately distributed acording to the target density
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Markov Chain Monte Carlo (MCMCQC)

> Iterative sampling method

> Build a Markov chain {1,.p,0}*" that converges towards the target
density

> After a cerrtain number of steps, the sample {1,.p,8}* is
approximately distributed acording to the target density

M

50 M=100 M=500 M=1000

Figure: MCMC approximation of a density function
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Case Study Setup

» Aggregate Supply curves over 1 month (unknown)
» Simulate a market clearing over 1 month
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Case Study Setup

> Observations: Prices and quantities over 1 month
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Case Study Setup

> Prior Knowledge: mean supply curve
» Assume independent Normal-Gamma prior densities

— Average supply curve Hourly bids
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Case Study: Results
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Conclusion and Discussions

> Accurately estimate the posterior density of the aggregate supply
curve by iterative sampling
> Based on market data observations

> Applications: Input data for Strategic offering

Challenges:
> Design an efficient algorithm in high dimension
» Computational complexity: scalable for large scale systems?

> Integrate unit commitment data, transmission constraints in the model

Reference

Mitridati, L., & Pinson, P. (2017). A Bayesian Inference Approach to Unveil Supply Curves in
Electricity Markets. IEEE Transactions on Power Systems.

39 DTU Electrical Engineering, Technical University of Denmark

i



40

Thank you for your attention

controlle
multi agent
real world

trading
()pl]]ﬂd]
forec m‘mg
big data;,
sh:}n‘
: e soc

)()\\ (‘] it
1 modelmg T

ﬂcuble aind ‘\.\U k t
e S

: luu\\ ables" ™

nliu

analytlcs
energy

. ou
thu ation’ R
(ll\llll)\ll( d e

pl l( e h - eu
- grid.

oftms

s\ stem

Contact: Lesia Mitridati (lemitri@elektro.dtu.dk)

DTU Electrical Engineering, Technical University of Denmark

=
—
=

i

8 March 2018



