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The impact of transparency policies on local flexibility markets in electrical
distribution networks: A case study with artificial neural network forecasts

Erik Heilmanna

aInstitute of Economics, University of Kassel, Nora-Platiel-Str. 4, 34109 Kassel, Germany

Abstract

The energy transition brings various challenges of technical, economic and organizational na-
ture. One major topic, especially in zonal electricity systems, is the organization of future conges-
tion management. Local flexibility market (LFM) is an often discussed concept of market-based
congestion management. Similar to the whole energy system, the market transparency of LFMs
can influence the individual bidders’ behavior. In this context, the predictability of the network
status and an LFM’s outcome, depending on a given transparency policy, is investigated in this
paper. For this, forecast models based on artificial neural networks (ANN) are implemented on
synthetical network and LFM data. Three defined transparency policies determine the amount of
input data used for the models. The results suggest that the transparency policy can influence the
predictability of network status and LFM outcome, but appropriate forecasts are generally feasible.
Therefore, the transparency policy should not conceal information but provide a level playing field
for all parties involved. The provision of semi-disaggregated data on the network area level can be
suitable for bidders’ decision making and reduces transaction costs.
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1. Introduction

The energy transition brings various challenges of technical, economic and organizational na-
ture. One major topic, especially in zonal electricity systems, as implemented in the European
Union (EU), is the organization of future congestion management. With a growing number of
distributed energy sources, such as photovoltaic plants (PV) and wind turbines, but also con-
sumption technologies, such as heat pumps (HP) and electric vehicles (EV), electric networks are
increasingly challenged by technical problems, such as line congestion or over- and undervoltage.
To solve and avoid these problems in the short term, different congestion management measures
are currently under discussion. One of these approaches is the concept of local flexibility market
(LFM).1 LFM is a concept of market-based congestion management in zonal electricity systems
as implemented in the EU. Although different approaches to congestion management have been
discussed for several years (see, e.g., Kumar et al., 2005), the discussion gained importance due to
an increasing share of renewable energy sources and new load technologies such as electric vehicles
and heat pumps. An LFM contains trading actions where production, consumption or storage units
in a specific network area can provide their flexibility to the network operator to solve technical
problems (Ramos et al., 2016). These technical problems can be caused by a local imbalance of
production and consumption. In this connection, a high-load situation as well as a high-feed-in
situation are thinkable. The concept of LFM is in line with the European directive on common
rules for the internal market for electricity (European Commission, 2019), which claims a market
based procurement of network-supportive flexibility. Extensive reviews on the topic of flexibility
markets and products in general as well as LFM in particular are provided by Villar et al. (2018)
and Jin et al. (2020). In the last few years, several pilot projects for the implementation of LFMs
have also occurred. Radecke et al. (2019) and Anaya and Pollitt (2020) provide an overview of
such pilot implementations and research projects in Europe. Individual examples are discussed in
more detail by Schittekatte and Meeus (2020) and Heilmann et al. (2020). Although there is a
substantial number of pilot implementations of LFM, the concept is controversial due to the theo-
retical potential of strategic behavior of flexibility suppliers as well as the flexibility demand side.
Hirth and Schlecht (2020) provide a detailed discussion of the possibility of strategic behaviour of
flexibility suppliers on an LFM based on the anticipation of congestion situations in connection
with LFM prices. Buchmann (2020) discusses the institutional implications of LFM and analyzes
three discrimination concerns from the perspective of the network operator as flexibility demander,
containing the selection of the flexible assets used in the short term and strategic network invest-
ments in connection with information on future flexibility requirements for the network in the long
term.

One mostly unexplored issue in the context of LFM is market transparency. Market trans-
parency shall be defined as the availability of information about the market fundamentals, activ-
ities and outcome. Such information is the basis for decision making for all market participants,
including considerations of strategic bidding. Transparency can in principle be provided by indi-
vidual market participants, including the market operator or a governmental institution. The type
and extent of the information and data provided are referred to as transparency policy. In the
case of LFM, it can be expected that there is an information asymmetry with an accumulation of
data at the network operator (Buchmann, 2020). For the purpose of this paper, the network oper-

1Note, that the terms local/regional flexibility market, network-supportive flexibility market, market-based con-
gestion management or market-based re-dispatch are often used interchangeably.
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ator shall be interpreted as both market operator and the demand side of the LFM that provides
information in line with a general governmental transparency policy. Based on this assumption,
the paper at hand investigates the influence of the chosen transparency policy on the possibility
of forecasting network congestion and LFM outcome as the basis for the marketing decisions of
flexibility suppliers. The methodological approach is twofold:

i Based on synthetic LFM data, forecast models for the two sequential forecast tasks –forecasting
the network status and LFM outcome– are implemented with an artificial neural network (ANN)
approach.

ii The influence of different transparency policies on the performance of the forecast models is
modeled as a reduction of data input.

The results are used as a basis for suggestions for the design of a general LFM transparency policy.
The paper is structured as follows. Section 2 provides an overview of the theoretical background

of (electricity) market transparency in general as well as a discussion of practical examples in the
EU and Germany. Based on this, the requirements for a transparency policy for LFMs are discussed
briefly. Section 3 contains a description of the data used, the hypothetical transparency policies,
the forecast tasks and the forecast models implemented. Section 4 summarizes the main results
that are discussed in Section 5. The paper closes with a conclusion and policy implications in
Section 6.

2. Market transparency in the context of local flexibility markets

2.1. Theoretical background of electricity markets’ transparency

The aim of a market, especially implemented as an auction, is the efficient allocation of resources
and the determination of prices based on market participants’ bids (McAfee and McMillan, 1987).
In general, there is an information asymmetry between the different market participants that
leads to individual bidding behavior based on uncertainty (McAfee and McMillan, 1987). The
public provision of information, below referred to as transparency policy, can have the following
advantages (see Ray and Cashman, 1999; Feltkamp and Musialski, 2013):

- The provision of a level playing field for all market participants.

- Enabling rational decisions and bidding strategies.

- Facilitation of market monitoring and identification of rule violations.

- Reducing market entry barriers.

Therefore, the aims of a transparency policy are strongly connected with the aims of the market
itself: economically efficient bidding behavior and the maintenance of operational reliability (Ray
and Cashman, 1999).

In the field of electricity markets, information that can influence the decision process of individ-
ual market participants can be divided into fundamental and transactional information (Feltkamp
and Musialski, 2013). Fundamental information describes the situation of the electricity system in
general and contains basic data, such as the time of day, day of week and the weather, but also
technical market elements, such as the availability of production units and power line capacity and
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the amount of load demand (Feltkamp and Musialski, 2013). Transactional information contains
data on the market outcome, such as executed transactions and market prices. Both types of
information can be considered ex ante (as status quo or forecast) or ex post (Bobinaite et al.,
2018).

The specification of the transparency policy contains a selection of the data that are relevant for
the decision process and therefore necessary and valuable (Feltkamp and Musialski, 2013; von der
Fehr, 2013). Simulation-based studies show that the provision of more information leads to in-
tensified competition (see, e.g., Rosen and Madlener, 2013). Nevertheless, it can be argued that
transactional information, especially the price as core information of a market, in connection with
information on “major events” (such as outages of big production or consumption units) is sufficient
for an efficient bidding process (von der Fehr, 2013). Potential disadvantages of high transparency
are the high cost of information procurement and data management, the concealment of private
information by individual participants and the facilitation of undesirable behavior such as collusion
and the execution of market power (Feltkamp and Musialski, 2013; von der Fehr, 2013). Therefore,
any transparency policy must balance different interests and may provide different information for
the market participants rather than for the market operator and regulator (von der Fehr, 2013).

2.2. Practical examples of the EU and Germany

In the spectrum of “full information transparency” and a “price only” policy, , the regulation
of the European energy market clearly tends toward a high-transparency approach. The EU
legislation considers horizontal as well as vertical data exchange. Information is collected and
processed by the “European Network of Transmission System Operators for Electricity” (ENTSO-
E) and the “Agency for the Cooperation of Energy Regulators” (ACER), which are responsible
for data publication as well as market monitoring and reporting to EU institutions and member
states (Bobinaite et al., 2018). The most important EU policy is the regulation on the submission
and publication of data in electricity markets (European Commission, 2013), which enjoins the
ENTSO-E to publish specific data on a transparency platform (ENTSO-E, 2021). The published
information contains 49 data items in the fields of load, generation, transmission, balancing, outages
and congestion management (ENTSO-E, 2014). The data are mainly aggregated on countries or
market area levels with the temporal resolution of the market time units. Although the usability
of the platform and the quality of data are under development, the platform is one of the most
important collections of energy data in the world (Hirth et al., 2018).

The second important European policy is the regulation on wholesale energy market integrity
and transparency (European Commission, 2011), which contains a disclosure obligation toward
inside information and the interdiction of market manipulation. Inside information in this context
is information that is not available to the public and is capable of affecting the market price. In
connection with this regulation, the European Energy Exchange (EEX) provides a transparency
platform2 for the publication of all relevant inside information (European Energy Exchange AG,
2021b). This provided information also contains fundamental data, such as the capacity, usage and
availability of generation, storage and loads. While availability considers individual larger-scaled
units, data of generation and consumption are in general highly aggregated. In addition to this
obligated information, the EEX provides market data in different qualities as an intrinsic service
(European Energy Exchange AG, 2021a).

2Note, that the EEX transparency platform is totally independent of the entso-e transparency platform, but both
may provide overlapping data.
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The European regulations are also the basis for the national transparency policies of the member
states. In the case of Germany, the four transmission system operators (TSOs) provide collective
data of the German energy system on their own platform (50Hertz Transmission GmbH, 2021).
In contrast to the European data, this platform provides more locally granular data, such as
for the different balancing zones or rough network areas. Still, the provided data are relatively
highly aggregated. As a special case of market data, the four TSOs provide relatively detailed
information on the German reserve power market (50Hertz Transmission GmbH et al., 2021).
The published information, obligated through German regulations (Bundesnetzagentur, 2017a,b),
contains the procured amount of reserve power, an anonymized list of bids including information
on bid acceptance, reserve energy used and statistical price information for the different reserve
products.

In contrast to the high transparency of the discussed market examples, the information avail-
ability in distribution networks (including the disaggregated generation and consumption of the
connected users) is currently relatively low. This is especially the case in networks with sparsely
installed measurement technology, such as smart meters, as is the case in Germany (Bundesnetza-
gentur, 2021). But even with the presence of such data, the question of data access for different
participants has to be answered (Buchmann, 2017).

2.3. Transparency policy for LFM

LFMs are a special form of electricity markets. A Provider of flexibility can be every asset of
consumption, production or storage (Heilmann et al., 2020). As discussed in Section 2.1, different
information can influence the decision making of bidding on the LFM. On the level of the transmis-
sion network, these data are often available (see Section 2.2). Therefore, the focus of this paper is
on the applicability of an LFM at the distribution network level. Considering market transparency,
an LFM approach at the distribution level can be characterized by the following aspects:

- The participating assets are relatively small and often not monitored in the electricity system’s
standard processes. Therefore, the (historical) information on schedules of production and con-
sumption are generally not publicly available.

- The market area of LFM is, compared to classical electricity market areas, relatively small. There-
fore, the collection of information is in general possible, especially for bigger market participants
such as aggregators.

- There is an accumulation of data at the network operator Buchmann (2020).

Against this background, it is necessary to define an appropriate transparency policy for LFM.
From a theoretical point of view the provision of information contains different advantages. Still,
with a wide spectrum of potential information, the usefulness of individual information has to be
considered. This is especially true in small emerging markets where local market power and other
strategic bidding behavior could be executed (Ray and Cashman, 1999), as is the case for LFM.
Therefore, the theoretical optimum of an LFM’s transparency policy lies somewhere between a
complete description of the system state with forecast of the economic and physical information
and a sole provision of the market price (Ray and Cashman, 1999).
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3. Methodological approach

The methodological approach of this paper investigates the relationship between LFM’s trans-
parency and the possibility of forecasting relevant information for the decision making of market
participants. Therefore, taking the perspective of different bidders on the LFM as potential flexibil-
ity suppliers, forecast models for two different tasks are implemented and evaluated. The forecast
tasks (see Section 3.3) are on one hand the classification of the network status for every time step
and on the other hand a prediction of individual bidders’ acceptance at the LFM for time steps
with network problems to be solved. Both tasks can be interpreted as sequential and are thus
modeled individually. The forecast models are developed on the same data basis that contains
synthetic network data for a two-year time horizon and simulated LFM data for every quarter
hour with technical problems (see Section 3.1). The limitation of the input data used in three
quality levels approximates three different transparency policies from “high transparency” to “low
transparency”, with a reference case using all available data (see Section 3.2). The evaluation of all
models (see Section 4) is based on state-of-the-art performance measures for forecast models and
contains a comparison for both forecast tasks with the different transparency policies. Figure 1
summarizes the methodological approach. The individual aspects are discussed in more detail in
the following sections.

Prediction of the
LFM outcome 

Forecast of the
network status 

Data  
(Section 3.2)

Synthetical
network data

LFM data

Transparency policies 
(Section 3.3)

Reference case 
"maximum

transparency" 

Policy 1 
"high transparency" 

Policy 2 
"medium

transparency" 

Policy 3 
"low transparency" 

Forecast tasks and models 
(Section 3.4)

Evaluation 
(Section 4)

Evaluation of the
network status

classification task 

Evaluation of the
asset's acceptance

forecast task
(including LFM's

market preice
prediction) 

Classification
model 

Classification
model 

Based on LFM
price prediction 

Figure 1: Method overview

3.1. Data

The investigations are based on a synthetic dataset of quarter-hourly production and consump-
tion for two years in a standardized mid-voltage network model. The electrical network is modeled
with the Python module “pandapower” (see Thurner et al., 2018), which provides power flow cal-
culations and network analysis tools. It is based on the the CIGRE medium voltage distribution
network (see Rudion et al., 2006; CIGRE, 2014) with 14 network nodes. Each of the nodes can
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contain a residential area, industrial loads, both of them or no laod/production. The connected
assets of the network were assumed as follows:

• Ten of the network nodes contain between 100 and 150 households. The behavior of these
households is modeled as aggregated load based on standard load profiles (see BDEW, 2017).

• The share of PV is assumed to be 80 percent and the share of HPs to be 75 percent. Each
resulting PV plant is modeled as an individual production unit (between two and 40 kW
nominal power) and each HP as an individual consumption unit (between 2 and 10 kW
nominal power). The behavior of these assets is modeled with synthetic data (see Müller
et al., 2019 based on Fünfgeld and Fiebig, 2002).

• • Seven of the nodes contain industrial loads between 700 kW and 1,500 kW maximum
consumption, which are modeled as individual loads. The behavior of these loads is modeled
based on normalized and randomized real-world data (see Huber et al., 2019).

• In sum, 1972 of the 986 loads and 1014 generation assets are assumed to be able to provide
flexibility.

The first part of the data contains the description of the electrical network for all 70,176 quarter
hours of the considered two-year period. Based on the time series of loads and productions, a power
flow calculation of every quarter hour is calculated. The results especially contain the utilization
of lines and transformers. For each of the quarter hours, the network is classified in one of three
classes:

- Network status 1: There is no technical problem in the network. This situation is the case in
98 percent of the quarter hours (in sum 68,795 data points).

- Network status 2: There is a technical problem caused by a high-load situation. This situation
is the case in 476 quarter hours.

- Network status 3: There is a technical problem caused by a high-production situation. This
situation is the case in 941 quarter hours.

As an additional exogenous parameter, an explicit timestamp as well as a temperature time series
are connected with the load and demand data.

The second part of the data only considers quarter hours with network status 2 and 3 and
contains the description of a simulated LFM:

- As a market input, all bids (flexible power and prices) of the 1972 flexible assets.

- As a market outcome, the flexibility options (accepted flexible assets) used for each problem and
a market price are included.

The market simulation is based on a heuristic market algorithm by Heilmann et al. (2021b).
The flexibility supply is provided by the assets connected to the network based on the following
assumptions:

- PV plants can reduce their current generation.
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- HP loads can either reduce their current load or increase their load until their nominal power is
reached.

- Industrial loads can either reduce or increase their load by up to 25 % of their current load. An
increase in load is only possible if the maximum load has not been exceeded.

Each asset bids its flexibility based on the current operational status with individual marginal cost
and does not follow a bidding strategy. The uniform market price is calculated as marginal price
of the flexible asset used with the highest cost. Figure 2 illustrates the LFM prices for the quarter
hours with technical problems.

0 10000 20000 30000 40000 50000 60000 70000

0

10

20

30

40

50

LFM uniform price in  per MWh

Figure 2: LFM prices in e per MWh (data points only for relevant quarter hours)

The used load and production time series, the results of the power flow calculation, the flexibility
bids of all assets and the LFM results are provided as open data (see Heilmann, 2021, file “synthetic
network data”).
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3.2. Transparency policy scenarios

The dataset used provides a very detailed description of the local network status, especially
because it contains the disaggregated electrical production and consumption of every connected
asset. In combination with information about the network infrastructure, a detailed analysis of
every single network status is possible. If technical problems occur, this information can be used
in the LFM to determine the market outcome (Heilmann et al., 2021b). This situation of maximal
information shall be assumed to be the case for the network operator that can be interpreted as an
LFM operator. From an individual bidder’s point of view, it is unrealistic to get all this information
by own data collection. In particular, information on the network infrastructure shall be assumed
to be generally unknown. The remaining data of electricity consumption and production can
optionally be provided by the network operator. The provision of network and market data in
different qualities is referred to as transparency policy (see Section 2.1). The transparency policy
determines the information that can be used for the sequential forecast tasks of the individual
bidders.

As discussed in Section 2.1, a transparency policy ranges from revealing full information to
giving no additional information except for the market price. In line with this, the following three
different transparency policies and one reference case are defined as part of the methodological
investigation.

Reference case: maximum information

As a reference case for the different transparency policies, a “maximum transparency” approach
is used. This approach contains the full information of the system operator, except the network
infrastructure data itself. This includes the electrical production and consumption of every con-
nected asset but also the bids of every flexibility provider in case of a technical problem as well as
the accepted flexibility providers with individual price and flexible power. The uniform LFM price
is similar to the highest individual price of the accepted providers. As such, a full transparency
approach is no real-world option, for example, because of data security issues. It is defined as a
reference case but not as a stand-alone transparency policy.

Policy 1: “high transparency” – information on network node level

The first transparency policy provides information on the mid-voltage node level. One mid-
voltage node is the connection of a number of households and/or a number of small to medium
business locations. Therefore, the provided data of Policy 1 contains the aggregated electricity
production and consumption as well as the aggregated flexibility bids (flexible power and weighted
flexibility price) for every mid-voltage node. As a market outcome, the uniform LFM price and
the aggregated flexible power used are provided.

Policy 2: “medium transparency” – information on network area level

The second transparency policy provides aggregated information on the level of the complete
network area. Therefore, the data are aggregated over all individual assets or –in relation with
Policy 1– over all network nodes. The kind of information provided is the same as in Policy 1:
aggregated electricity production and consumption, aggregated flexibility bids and the uniform
LFM in combination with the flexible power used.
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Policy 3: “low transparency”

The third transparency policy represents the minimum in the spectrum of transparency policies
and only provides the uniform LFM price and the flexible power used. Therefore, no additional
information that could be used as explanatory data is revealed.

Summary of the policies

Independent of the revealed information of the different policies, public as well as private
information of every single flexibility provider can be used as explanatory data. Public information
in the dataset used is the timestamp and the time series of the temperature. Private information is
the individual production or consumption of single providers. Table 1 summarizes the transparency
policies used. Note that for the different forecast tasks, different data are relevant.

Table 1: Transparency policies overview

Policy Production/ con-
sumption and result-
ing bids

LFM outcome Additional in-
formation

Reference Data of individual as-
sets

Complete historical
LFM information

Timestamp and
temperature

“high trans-
parency”

Data aggregated on net-
work nodes

Historical uniform
LFM prices and flexible
power used

Timestamp,
temperature and
private
information“medium trans-

parency”
Data aggregated on net-
work area

“low trans-
parency”

No data

3.3. Forecast tasks and models

The two forecast tasks, (i) the classification of the network status for every time step and (ii)
a prediction of individual bidders’ acceptance at the LFM are modeled individually, as both tasks
can be interpreted as sequential. Below, a brief literature overview for the two tasks is given,
followed by the description of the models implemented.

Relevant forecast literature

There is a broad literature basis for the forecast of electricity markets’ outcome, especially of
electricity price forecasting. Reviews of the topic are, for example, provided by Weron (2014), Lago
et al. (2018) and Fraunholz et al. (2021). In general, electricity market prices are influenced by
technical, financial and stochastic parameters (Ward et al., 2019). The interdependence between
these parameters can be modeled differently using fundamental, gametheoretical, financial math-
ematical and statistical models, among others (Keles et al., 2016). In the last few years, different
approaches of data science (often referred to as machine learning, deep learning or computational
learning) have gained importance in the field of energy forecasts. Various studies point out that
advanced statistical methods, such as artificial neural networks (ANN), can outperform classical
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methods of time series analysis (see, e.g., Weron, 2014; Keles et al., 2016; Lago et al., 2018; Kraft
et al., 2020).

In contrast to electricity price forecasting, approaches to forecasting the network status are
sparsely represented in the literature. He et al. point out that the forecast of a network’s status
can be an alternative to power flow estimations based on individual forecasts of load and demand.
Staudt et al. (2018) provide a study on forecasting the system’s re-dispatch demand with different
model approaches, including ANN. The demand for re-dispatch can be interpreted as the network
status on the transmission network level. In addition, various studies provide approaches for
monitoring network status with network equivalent ANNs (see, e.g. Dipp et al., 2019; Menke
et al., 2019; Liu et al., 2020). The literature mentioned underlines the fact that for the forecast of
the network status, detailed technical network information is not mandatory (if meta information
on the network status is provided).

Forecast task 1: Network status classification

In line with the state-of-the-art literature, ANN models for the classification of the network
status are applied. The modeling process follows the structured machine learning process by
Heilmann et al. (2021a). The target dataset for this forecast task is the classification of all 70,176
quarter hours in one of the three network status “No technical problem”, “High load” and “High
production”. The different network status options are modeled within one multi-class classification
approach. The input data are determined with the different transparency policies.

Forecast task 2: LFM’s outcome

The second forecast task only concerns the 1417 LFM situations. From an individual flexibility
provider’s point of view, the relevant aspect of the LFM’s outcome is whether one’s own bid is
accepted or not. In contrast to the first forecast task, the target of the forecast is the individual
acceptance of an asset. The first option to reach this target is the prediction of the LFM price in
the first step and the comparison of this price with one’s own bidding price in the second step.
The second option is the modeling of acceptance in a binary (yes or no) classification approach.
Such a model provides a direct forecast if an individual asset is accepted, but it does not contain
the LFM price (that may is necessary for bidding strategies). Both options are implemented based
on the input data, which is determined by the different transparency policies.

3.4. Summary of methodological approach

The two forecast tasks can be interpreted as sequential, dependent tasks: only if a network
problem is predicted is the prediction of the LFM outcome relevant. Therefore, both tasks are
modeled and evaluated separately. Each forecast model is based on one of 27 manually selected
individual asset’s3 point of view, as the data basis is different considering the individual private
information of the asset and the individual acceptance at the LFM. The forecast tasks are combined
with the information policies introduced in Section 3.2, which determine the input data for every
single model. Table 2 provides a summary of the chosen model approaches and the input data
used for each forecast task. The variation of the model approaches by the different transparency

3The selected assets contain all seven industrial flexibility providers as well as one PV plant and one HP for each
of the ten residential network node.
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policies and the point of view of the selected assets leads to 82 specified models4 for the first model
task and 108 specified models5 for the each of the options of the second task.

Table 2: Summary of methodological approach

Forecast task
(Model output)

Model approach
Model input (de-
pending on trans-
parency policy)

Dataset6
Model
variations

Forecast task 1:
Network status

ANN for multi-class
classification of net-
work status

Accessible produc-
tion/ consumption;
public information
(time, temperature)

70,176 data
points

Point of
view of 27
selected
assets

Forecast task 2a:
assets’ acceptance
based on LFM
price

ANN for price
prediction as ba-
sis for acceptance
evaluation

Accessible
production/
consumption and
flexibility bids;
public information
(time, temperature)

1,417 data
points

Forecast task 2b:
assets’ acceptance

ANN for binary clas-
sification of accep-
tance

All models are implemented with the Python module “scikit-learn” (Pedregosa et al., 2011).
The modeling process follows a standardized approach presented by Heilmann et al. (2021a). An
overview on the grid search for the different forecast tasks can be found in the appendix. The
detailed Python code of the methodological approach is provided as open data (see Heilmann,
2021, file “Forecast models”). In this connection, also all input data (as output of the synthetic
network model) and results are provided. This contains especially all individual model results with
all grid search results, the forecasts of the selected models and a summary file for every forecast
task.

4. Results

4.1. Performance measure

As the two forecast tasks contain classification problems, the accuracy of the models can be
measured with common classification performance metrics. The straightforward approach is the
evaluation of the share of correct predictions as:

Accuracy =

∑
True predictions∑

Predictions
(1)

However, this measure can lead to a misinterpretation of the model performance, as it does not
considers the imbalance between the different classes of the model. This so-called “skewed classes”
problem can be observed especially for Forecast task 1, where only 1,417 of the 70,176 data points

4One reference model plus 27 individual models for each of the three transparency policies
527 individual models for the reference case and each of the three transparency policies
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are not in the class of “no technical problem”. To overcome the skewed class problem, the following
two metrics can be used (see Rebala et al., 2019):

Precisioni =

∑
True positivei∑

Predicted positivei
(2)

and

Recalli =

∑
True positivei∑
Actual positivei

(3)

with
∑

True positivei as the number of correct predictions of class i ;
∑

Predicted positivei as the
sum of all (true and false) predictions of class i and

∑
Actual positivei as the correct number of

the class i in the target dataset. To use a single evaluation metric, the F-score combines precision
and recall (Rebala et al., 2019):

F -Scorei =
2 ∗ Precisioni ∗Recalli
Precisioni + Recalli

(4)

The value of the the three metrics can be between zero and one. The value of the three metrics
can be between zero and one. If there are no true positive predictions, the measure of precision
and recalls and in consequence of the F-score is zero. An F-score with the value one is the best
possible forecast, as it combines perfect precision and recall. Note that neither precision nor recall
should be interpreted separately (Rebala et al., 2019). Note also that for a multi-class problem,
as it is given in Forecast task 1, the three metrics must be applied to every single class and then
summarized, such as on average over n classes, as a weighted average could lead to the skewed
class problem:

Metricevaluation =

∑n
i=1Metrici

n
(5)

In addition to the classification metrics, the performance of the price prediction in Forecast
task 2a is measured with the root mean squared error (RMSE) over N data points.

RMSE =

√∑N
i=1(Predicted valuei − True valuei)2

N
(6)

Below, the results of each forecast task are presented separately.

4.2. Results network status classification

The test set of Forecast task 1 contains 25 percent of the two-year data set, in sum 17,544
data points. The assessment of the network status leads to 17,259 data points classified as network
status 1 “no technical problem”, 115 classified as network status 2 “high load” and 170 classified
as network status 3 “high production”. Due to this obvious data imbalance, the accuracy of each
of the implemented models is nearly one and is therefore not part of the following evaluation of
Forecast task 1.7 As more informative measures, the average precision , recall and F-score over the
three classes (see Equations 2 – 6) for each model was evaluated. Figure 3 illustrates the metrics for
each of the implemented models. For the reference case, only one model based on the “maximum

7The accuracy would be 0.984 for a constant classification of the status “No technical problem”.
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information” data input represents all 27 considered assets. Therefore, the evaluation is the same
for all individual assets. In contrast, for each of the three transparency policies individual models
for the 27 considered assets were implemented and evaluated. Table 3 summarizes accuracy and
F-score on average for every policy.
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Figure 3: Forecast task 1 - evaluation of precision, recall and F-score of all implemented models

Table 3: Average performance measure of Forecast task 1 for each policy

Measure Reference “high trans-
parency”

“medium
trans-
parency”

“low trans-
parency”

Accuracy 0.988 0.995 0.991 0.985

F-score 0.601 0.896 0.766 0.380

The results, summarized in Table 3 and Figure 3, contain two contrary aspects. The first is
the tendency of a decreasing forecast performance with decreasing provision of data in the three
transparency policies. In particular, models with low transparency, which only use the private
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information of the individual assets and the public information, often completely fail to predict the
network problem situations.8

The second aspect is an underperformance of the reference model that uses the complete data
of all individual assets. A deeper analysis of the data shows that network status 2 is particularly
underrepresented in the prediction of the reference model. This leads to a relatively low recall and,
in consequence the F-score, in contrast to models that use data in line with the high and medium
transparency policies.

4.3. Results - assets’ acceptance based on LFM price

The test set of Forecast task 2 (a and b) contains 25 percent of all LFM situations, in sum 355
data points. In contrast to Forecast task 1, the classification problem contains only two classes
(“no acceptance” = 0, “acceptance” = 1). The distribution of the true values is individual for every
considered asset. Seven of the assets (asset 1–7) have no acceptance on the LFM and therefore
have only Class 0 as true value. The other assets have between 2 and 240 acceptances that are
expressed as true true values in Class 1. In contrast to Forecast task 1, there is no general data
imbalance, but still in some cases there is a clear tendency to Class 0.

Forecast task 2a is implemented in two steps. In the first step, the LFM price is predicted. The
true LFM prices are between 1 e per MWh and 56 e per MWh, with a mean value of 19 e per
MWh. Table 4 summarizes the RMSE of the predictions on average for each policy.

Table 4: Average RMSE of the LFM price prediction of Forecast task 2a for each policy

Measure Reference “high trans-
parency”

“medium
trans-
parency”

“low trans-
parency”

RMSE 7.344 4.662 5.993 7.330

The second step contains a comparison of the predicted LFM price and the individual marginal
cost of each asset. If the marginal cost is below the predicted LFM, the acceptance of the asset
(Class 1) is expected. The resulting classification for each data point can be evaluated with
the measures of Equations 1 – 6. Figure 4 illustrates the performance measure for each of the
implemented models of Forecast task 2a. For the first seven assets, a perfect forecast of the
acceptance that contains a continuous classification of Class 0 is given. The performance of the
other models is in a range between near zero forecast accuracy and F-score (asset 18) and moderate-
to-good performance with F-scores between 0.5 and 0.8. Table 5 summarizes the accuracy and
F-score on average for every policy.

The accuracy of the different models is on average similar for the different policies on a medium
level around 0.75. The two contrary aspects of Forecast task 1, a decreasing performance with
decreasing input data and an underperformance of the reference model, are confirmed for the first
forecast step (see Table 4) and also for the F-score of the classification in the second step.

4.4. Results - assets’ acceptance classification

Forecast task 2b is based on the same dataset as Forecast task 2a, but contains a one-step
classification approach. The evaluation of the classification results is equal to the evaluation of the

8In the extreme case of only predicting “no technical problem”, this leads to a precision and recall and in
consequence F-score of zero the network status “high load” and “high production”.
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Figure 4: Forecast task 2a - evaluation of accuracy, precision, recall and F-score of all implemented models

Table 5: Average performance measure of Forecast task 2a for each policy

Measure Reference “high trans-
parency”

“medium
trans-
parency”

“low trans-
parency”

Accuracy 0.806 0.847 0.833 0.823

F-score 0.606 0.717 0.681 0.625

second step of Forecast task 2a. Therefore both evaluations can be compared directly. Figure 5
illustrates the performance measure for each of the implemented models of Forecast task 2b. In line
with the results of Forecast task 2a, the models of the first seven assets provide a perfect forecast
that continuously predicts Class 0 (“no acceptance”). In addition, some other models (asset 22
and asset 20 with medium transparency) provide perfect forecasts that contain every classification
of Class 1 and 0 as true prediction. The rest of the models performs in a medium-to-good range
with accuracy and F-score between 0.5 and 0.9. Table 5 summarizes the accuracy and F-score on
average for every policy.
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Figure 5: Forecast task 2b - evaluation of accuracy, precision, recall and F-score of all implemented models

Table 6: Average performance measure of Forecast task 2b for each policy

Measure Reference “high trans-
parency”

“medium
trans-
parency”

“low trans-
parency”

Accuracy 0.940 0.956 0.965 0.951

F-score 0.732 0.796 0.812 0.763

The average model performance of the models for Forecast task 2b is considerably higher
than for Forecast task 2a. In line with the two previous evaluations, an underperformance of
the reference models can be stated. Still, the first aspect, a decreasing model performance with
decreasing input data is not generally true for this evaluation. On the contrary, the models with
medium transparency on average perform slightly better than models with high transparency.
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5. Discussion and outlook

Table 7 compares the average model evaluations, normalized on the reference, for each forecast
task and policy. The results underline that the definition of different input data can lead to
clear differences in the performance of the forecast models implemented. In particular, the models
with low transparency perform considerably lower compared with the models with high-to-medium
transparency. The models with high transparency perform best for Forecast tasks 1 and 2a. For
Forecast task 2b, the models with high and medium transparency perform similar, showing a small
advantage models with medium transparency. The reference models underperform the models of
high and medium transparency for every forecast task.

Table 7: Comparison of average model evaluation (normalized on reference score)

Measure Reference “high trans-
parency”

“medium
trans-
parency”

“low trans-
parency”

Forecast task 1:
accuracy

1 1.007 1.003 0.997

Forecast task 1:
F1-score

1 1.491 1.275 0.632

Forecast task 2a:
accuracy

1 1.075 1.050 1.031

Forecast task 2a:
F1-score

1 1.320 1.188 1.053

Forecast task 2b:
accuracy

1 1.024 1.037 1.016

Forecast task 2b:
F1-score

1 1.133 1.167 1.064

Interpreting the numerical results some overall findings can be indicated:

- In general, both forecast tasks are solvable. The majority of the forecast models perform on a
medium-to-high level.

- The amount of provided data principally tends to improve the predictability of the network status
as well as the LFM outcome.

- The relatively low performance of the reference models could be improved by the application
of more advanced model approaches or an additional pre-processing of the input data. As the
reference models use all available data, they are in principle able to perform at least as well
as the best model with reduced data (by pre-processing the data in the same manner as the
transparency policy). This underlines the statement, that the best fitting transparency policy
does not necessarily contain all possible information (see Section 2.3).

- The low transparency policy leads to relatively low performance on the Forecast task 1. Few
models completely fail to predict problematic network situations. It can be stated that this low
transparency approach significantly tends to decrease the predictability of the network status.
Nevertheless it is possible that with a nadaption of the model approach or the usage of additional
(public or semi-public) data, the performance could be improved.
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- The performance in forecasting the individual acceptance strongly depends on the individual
asset.

The interpretation must consider some smaller limitations. First, the investigations are based
on data of an exemplary (synthetic) network with an exemplary situation of installed load and
production assets. Individual network structures as well as the presence of other technologies (e.g.,
electric vehicles) can strongly influence the data basis and therefore the predictability in general.
Second, the input data are only dependent on the chosen transparency policy and assumed to be
available as perfect forecasts. Additional public or semi-public information is thinkable to improve
the individual forecast performance. On the other hand, inaccuracies of the input data could
downgrade the forecast performance.

Concluding the presented results, it can be stated that predictions on the network status as well
as the LFM outcome are mostly feasible. In the applied models, only the low transparency policy
leads to consistently low forecast performance of the network status’ classification. Considering
today’s real word examples, a clear tendency toward a high-transparency approach can be observed
(see Sections 2.2 and 2.3). Available information contains, for example, aggregated information on
load and production, especially for renewable energy plants (ENTSO-E, 2014; 50Hertz Transmission
GmbH, 2021). A disaggregation of this data would lead to a data quality comparable to the
medium transparency policy of the investigations. In addition to the aspect of data availability,
an optimization of the forecast models themself must also be considered. The modeling process
followed a standardized approach that identifies a best performing model within a pre-defined
search grid (see Heilmann et al., 2021a). Still, it is possible (and probable) that a variation of
the modeling approach itself or an additional pre-processing of the data could lead to individually
better performing models.

As a final remark, possible further developments of the presented investigations shall be dis-
cussed. First, the LFM price of the synthetic data used is positive in every market situation. First,
the LFM price of the used synthetic data is positive in every market situation. This simplification
of the market model (see Heilmann et al., 2021b) is in line with the understanding of flexibility as
a service for the network operator. Nevertheless, from an economic point of view, negative prices
are thinkable and would influence the decision making of strategic behavior. The methodological
approach presented is in principle also applicable to negative prices. Second, no strategic behavior
is modeled. All flexibility suppliers are assumed to bid their true marginal cost. This assumption
can be stated as valid for uniform pricing markets under perfect competition (see, e.g., Haghighat
et al., 2008). Still, individual bidding decisions could influence future network situations and, in
consequence, the LFM outcome. A general disadvantage of data-driven forecast models is that
changing the behavior of bidders must be modeled with new data and should therefore decrease
the short-term model performance (Kraft et al., 2020).

6. Conclusions and policy implications

The present paper contributes to the current debate on local flexibility markets by addressing
the topic of market transparency. First, an overview of the theoretical background of electricity
markets’ transparency was given and discussed in connection with practical examples of the EU and
Germany. The theoretical spectrum of transparency policies expands from a full transparency ap-
proach that discloses all possible fundamental and transactional information on the energy system
to a price-only approach. Particularly in the European energy system, a clear tendency toward
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a high-transparency approach can be observed. Nevertheless, the availability of information is
mostly restricted to highly aggregated data, such as on the country level. Based on this theoret-
ical background, the relationship between LFM’s transparency and the possibility of forecasting
relevant information for the decision making of market participants is investigated. Therefore,
the methodological part of the paper is aimed at the question of how a transparency policy can
influence the predictability of the network status and an LFM’s outcome. Based on synthetic
network and LFM data, ANN forecast models from the point of view of individual bidders are
implemented. The data input of these models is varied by three transparency policies and one
reference case with full data availability. The models are compared based on common performance
measures. The results generally confirm that a decreasing provision of fundamental information
leads to a decreasing predictability of network status and LFM outcome. Contrary to this finding,
the reference case of full transparency leads to an unexpected low model performance on average.
Therefore, it can be expected that the performance of the implemented reference models could be
improved by pre-processing the given input data, using new public or semi-public input data or
varying the modeling approach.

Although in some cases, particularly the classification of the network status based on a low
transparency policy, models fail to predict the desired classes, it can generally be stated that the
forecast models for network congestion and LFM outcome are feasible. Nevertheless, the amount
and quality of available information influences the performance of these forecasts. It can be ex-
pected that some market participants are better able to collect information than others. Therefore,
an appropriate transparency policy should be designed as one major step when implementing LFMs,
to provide a level playing field. For this, the following policy implication can be formulated:

- In connection with LFMs, the high-transparency approach of the European electricity system
should be pursued. This includes the provision of semi-disaggregated forecasts of electricity pro-
duction and consumption, including on the level of mid-voltage network areas. This information
enables market participants to make rational bidding decisions on a level playing field and to
minimize the cost of information procurement, particularly for small participants.

- A full transparency approach is, apart from individual data security issues, not desirable consid-
ering the transaction cost of administration and processing.

An outstanding issue in this context is the presence of suitable measurement technology and the
responsibility for the collection, processing and provision of the data. As a final remark, it should
be underlined that the issue of strategic behavior must be kept in mind, apart from transparency
issues, before the implementation of an LFM.

Data Availability

Datasets related to this article can be found at http://dx.doi.10.17632/ckhff2yxzy.1, an
open-source online data repository hosted at Mendeley Data (Heilmann, 2021).
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Appendix – Additional information on the methodological approach and results

The following appendix contains additional information on the model selection of the imple-
mented forecast models, discussed in Section 3.3 and some additional results that are not part of
the presentation in Section 4:

• Table A.1 summarizes the grid search for the different forecast tasks.

• Tables A.2 and A.3 contain the average performance measure of Forecast task 2a and 2b for
each policy. In contrast to the tables 5 and 6, the average doues not take into account the
perfect forecasts of assets 1 to 7.

• Figures A.1 - A.4, illustrate the comparison between the price predictions of the different
policies and the true values of the LFM price in the test set.

Table A.1: ANN grid search parameters for different forecast tasks.

Parameter Forecast task 1
Forecast task 2a (pre-
diction)

Forecast task 2b (classi-
fication)

Network struc-
ture

[(10,10,10), (10,25,10),
(10,50,10), (25,50,25),
(25,25,25), (50,50,50),
(50,100,50),
(100,100,100)]

[(5,5,5), (10,10,10),
(10,25,10), (10,50,10),
(25,50,25), (25,25,25),
(50,50,50),
(100,100,100),
(250, 500, 250),
(500,500,500)]

[(10,10,10), (10,25,10),
(10,50,10), (25,50,25),
(25,25,25), (50,50,50),
(50,100,50),
(100,100,100)]

Regularization
parameter

[0.1, 0.01, 0.001] [0.1, 0.01, 0.001] [0.1, 0.01, 0.001]

Activation
function

[tanh, logistic] [relu, logistic] [tanh, logistic]

Initial learning
rate

[ 0.01, 0.001] [ 0.01, 0.001]
[, 0.01, 0.001]

Table A.2: Average performance measure of Forecast task 2a for each policy – without assets 1 to 7

Measure Reference ’high trans-
parency’

’medium
trans-
parency’

’low trans-
parency’

Accuracy 0.738 0.793 0.775 0.761

F-score 0.469 0.619 0.557 0.494
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Table A.3: Average performance measure of Forecast task 2b for each policy – without assets 1 to 7

Measure Reference ’high trans-
parency’

’medium
trans-
parency’

’low trans-
parency’

Accuracy 0.919 0.941 0.953 0.934

F-score 0.639 0.724 0.746 0.680
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Figure A.1: Price prediction of high transparency policy vs. true value of LFM price
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Figure A.2: Price prediction of medium transparency policy vs. true value of LFM price
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Figure A.3: Price prediction of low transparency policy vs. true value of LFM price
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Figure A.4: Price prediction of reference case vs. true value of LFM price
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