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ABSTRACT

Emerging flexibility markets are increasingly characterised by a multitude of product characteristics,
differing flexibility buyers, and a disparate set of potential flexibility service providers (FSPs), including
those connected at the distribution networks. This paper investigates the fitness of various baseline
methodologies while considering different possible Distributed Energy Resource types, multi-DER FSPs,
as well as diverse products and flexibility markets characteristics. As a result, a novel decision framework
is proposed, aiming at providing a guideline for the choice of suitable baseline. The analysis showcases
that no one-size-fits-all baseline method exists while proposing alternatives for various FSP types and
flexibility market conditions.
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1. INTRODUCTION

The recent call for the decarbonisation of power systems has triggered a range of new strategies, business
models and use cases for enabling the efficient and reliable operation of the grid. Among those is the use of
operational flexibility provided by Distributed Energy Resources (DERs) (Villar et al.,, 2018). The use of
distributed flexibility can be seen both as a way to contribute to decarbonisation goals, as well as supporting
the safe and secure operation of the grid (and its economic efficiency) through the provision of grid services
to network operators (Lind et al., 2019; Valarezo et al., 2021).

Distributed flexibility can be categorised into two types, namely, (i) implicit flexibility and (ii) explicit flexibility
(SEDC, 2016). The former refers to a voluntary change of consumption (or production) in reaction to an
external signal. Reactions to wholesale energy prices or dynamic network tariffs are considered implicit
flexibility. Explicit flexibility, on the other hand, refers to a contractual agreement in which the Flexibility
Service Provider (FSP) agrees to change their schedule at specific conditions following specific requirements.
This agreement can be the outcome of an organised market (e.g. balancing or congestion management
markets, local flexibility markets) or another acquisition mechanism (Martin-Utrilla et al., 2022). Therefore,
in the case of explicit flexibility, a product is possibly traded (e.g. manual Frequency Restoration Reserves-
mFRR) and a service provided (e.g. balancing service to the Transmission System Operator - TSO). In such a
case, the verification of product delivery (or service provision) is required to ensure the proper market
operation and settlement mechanisms.



Typically, flexibility products are traded in the form of capacity, energy or both. The former can be defined
as a band of available flexibility with a fixed duration to be (partially or fully) activated or not by the buyer
(e.g. the TSO or Distribution System Operator - DSO) under certain conditions. This means that during the
service provision, the FSP is available for its flexibility to be activated in the amount defined in the product,
and this availability is usually remunerated in €/MW (which could be complemented by remuneration for
activation). An energy product considers a pre-defined activation, meaning that both buyer and seller know
when the activation starts and ends and the quantity of flexibility to be delivered by the time the product is
traded. This type of product is usually remunerated in €/MWh.

Among the most well-established flexibility markets in Europe are the balancing markets. These markets
trade both capacity and energy products. According to (ENTSO-E, 2021), capacity products are procured in a
market-only fashion by TSOs for Frequency Contingent Reserves (FCR) in 14 Member States (MSs), automatic
Frequency Restoration Reserves (aFRR) in 16 MSs and mFRR in 17 MSs. Energy products, too, are procured
for FCR in 3 MSs, aFRR in 10 MSs and mFRR in 19 MSs. While the provision of capacity products may take
place in different ways depending on the mode of activation (e.g. activation when needed or through
mandatory participation in energy markets), energy products generally follow a more standardised activation
process. The verification of the product delivery in balancing markets usually takes place by comparing the
flexibility provided (metered data) with the generation or consumption schedule of the market agent. This
schedule is determined in the wholesale energy markets. The agent is, therefore, a Balance Responsible Party
(BRP) over that schedule. In the absence of such a schedule, alternative verification methods would be
required to estimate the counterfactual position (i.e., injection or consumption levels) of an FSP (i.e.,
individual or collection of flexibility resources) had they not activated their flexibility, which would allow
estimating the value of flexibility delivered. In other words, the delivered flexibility would be the difference
between the meter outcome at the time of activation and the estimated counterfactual position. This
counterfactual position is known as the baseline and is of key importance for the participation of DERs in
flexibility provision.

Indeed, the participation of DER in flexibility markets is being proposed, tested and implemented as part of
the decarbonisation and decentralisation strategies in power systems. The possibility for the participation of
demand-side response in balancing markets is already mandated by the EU regulation and is currently being
implemented in many countries (smartEn, 2018). The provision of distributed flexibility to DSOs is also at the
centre of the debate. Current EU regulation also calls for the use of local flexibility by DSOs as a means to
help manage the grid, possibly deferring or avoiding network reinforcements (CEP Electricity Directive, 2019).
Therefore, many initiatives have focused on demonstrating and even implementing large-scale local flexibility
markets (Ruwaida et al., 2022; Valarezo et al., 2021). However, a key challenge for distributed flexibility
provision lies in the verification of energy product delivery. In traditional balancing markets and wholesale
energy markets, a schedule exists, which serves as the baseline for delivery verification. For DERs, this
schedule does not individually exist. When DERs are active consumers, a schedule exists in an aggregated
form, which the retailer is responsible for balancing. However, no individual schedule exists for the specific
DERs participating in flexibility markets. Therefore, a key challenge for the successful deployment of
distributed flexibility is to unambiguously define the level against which to measure the amount of flexibility
(product) delivered, or in other words, a baseline (Schittekatte et al., 2021). With the publication of the
proposal for the Electricity Market Reform in Europe, the development of baseline methods become again a
necessity, now expressed in the proposal (European Commission, 2023). The proposal mentions that the
baseline should reflect “the expected electricity consumption without the activation of the peak shaving
product”, in the specific case of the new flexibility product to be procured by the TSO.

Baselining DERs is not a new problem. With the first demand response programs came the need for the
definition of a baseline method. Several were developed and implemented, mostly relying on statistical
information on past consumption (AIEC, 2009; EnerNOC, 2009). Most of these methods, however, were



tailored-made for demand response programs in which the only type of service provider was the active
consumer, and the only product was upward flexibility provisions (e.g. reduction of consumption). Therefore,
the suitability of these methods has mostly been analysed from the perspective of demand response
(Antunes et al., 2013; Jazaeri et al., 2016a; Mohajeryami et al., 2017a; Wijaya et al., 2014). Adaptations to
the consumer’s baseline have been proposed and analysed for specific groups of DERs. For example, in
(Fonteijn et al., 2021), a variation is proposed for PVs, while in (Arunaun and Pora, 2018), a method is
proposed specifically for industrial loads.

The participation of distributed flexibility in the present and future flexibility markets is notably more
complex. The types of DERs are many: demand-side resources, distributed generation, storage systems, and
aggregated DERs in different forms (different resources behind the meter, energy communities, independent
aggregators). Markets and products are more complex, and upward and downward flexibility may be traded.
Market timing may differ from 30 seconds (e.g. FCR) to weeks ahead of delivery. Such differences pose a
fundamental question to the baselining of DERs: are the available methods suitable for the efficient
participation of DERs in current and future flexibility markets?

This paper sheds light on this discussion by analysing the existing baseline methods proposed by academia
and practitioners through an evaluation framework considering the characteristics of modern distributed
flexibility provision. Firstly, baseline methods are characterised in terms of data needs for their application,
who is responsible for the baseline calculation, if close-to-real-time adjustments are allowed, and if the
baseline is dynamic or static. These features serve as input for the subsequent analysis of baselines. Secondly,
the baseline methods are evaluated according to their accuracy, simplicity and integrity in a variety of
modern flexibility provision use cases, including different types of DER, aggregation, different directions of
activation and market timing. As a result, this paper proposes a novel set of guidelines for the selection of a
baseline for DER participation in flexibility markets. This guideline aims at providing a reference for the
selection of suitable baseline methods for flexibility trading in future flexibility markets.

The remainder of this paper is organised as follows. Section 2 provides an overview of the baseline methods
proposed, used and analysed in the literature and by practitioners. Section 3 introduces the proposed
methodology and analyses the different baseline methods according to the proposed criteria. Section 4
concludes the paper.

2. BASELINE METHODS

Different baseline methods have been progressively proposed both in the academic literature and by
practitioners. Valentini et al. (2022) show that most methods currently used in international practice and
European research projects rely on historical data, i.e., using metered data at the same time as the activation
time (i.e., the time at which the flexibility is supposedly delivered) but from previous days that share similar
criteria with the activation day (such criteria can be simply the type of day, e.g., weekday vs weekend). A
common type of baseline method based on historical data is what is known as the XofY method (and its
variations) (Arunaun and Pora, 2018; Mohajeryami et al., 2017b, 2017a; Ramos, 2019; Rossetto, 2018; Wang
and Tang, 2022). The HighXofY, for instance, considers the average profile of the X days with the highest
consumption within the set of Y-eligible previous days (e.g. weekdays if activation takes place on a weekday).
Another method involving the use of historical metered data only is the rolling average of the previous X
days of the same type (e.g. weekdays), potentially increasingly weighting the most recent days in order to
capture the most current determinants for consumption, e.g., temperature and weather conditions
(Holmberg et al., 2013; Miriam L. Goldberg and G. Kennedy Agnew, 2013; Tufts and Breidenbaugh, 2010). In
addition, a comparable day to the activation day was proposed as a baseline for demand response. In this
method, the flexibility provider chooses ex-post a non-activation day in the past that would reflect the
conditions of the event day (EnerNOC, 2011). These methods have in common the fact that only metered



data is required for the calculation of the baseline. Eventually, a Same-Day Adjustment (SDA) can be
performed using additional data, such as weather-based adjustments.

Another common method that relies on statistical data is the regression method. Regression models (mostly
linear or polynomial) use a set of historical data to estimate a function that represents the relationship
between the dependent variable (baseline consumption) and the independent variables (e.g. past
consumption, season, weather, day-of-the-week) as elaborated in (Arunaun and Pora, 2018; Mohajeryami et
al., 2017a; Vagropoulos et al., 2022).

More recently, novel methods based on neural networks and other machine learning (ML) techniques
emerged, promising a higher accuracy for baseline estimation (Park et al., 2015).

The abovementioned baseline methods (except for the comparable day method) involve the ex-ante
calculation of a baseline, mostly relying on historical data. Alternatively, other methods exist that do not
require an ex-ante estimation. The simplest and most straightforward is the Meter-Before-Meter-After
(MBMA), which has been used in several countries, especially for short-time delivery products (DNV-GL,
2020). For specific use cases, a zero baseline was proposed, especially for behind-the-meter backup
generation units (Miriam L. Goldberg and G. Kennedy Agnew, 2013). This method assumes the baseline is
equal to zero. Therefore, any power injection during activation is considered a flexibility provision. A control
group baseline has also been used in several countries, consisting of using a set of non-activated end-users
with similar characteristics to those of the flexibility providers on the event day. The average profile of these
end-users would then serve as a baseline for the FSPs (DNV-GL, 2020; Wang et al., 2018).

Finally, (Ziras et al., 2021) argue that the current baselining methods are not suitable for local flexibility
markets, proposing that capacity limitation products should be used instead. A capacity limitation product
limits the maximum power withdrawn or delivered by the end-user (and FSP) during the activation hours,
eliminating the need for a baseline. In this method, the normally contracted capacity is temporarily reduced
during the activation period. This approach, however, also means that the flexibility product (and therefore
clearing mechanism) has to be defined in terms of maximum capacity, requiring the usage of specific market
clearing algorithms, considering that the typical pay as-bid, uniform pricing and Vickrey-Clarke-Groves are
not appropriate for this type of product trading (Heinrich et al., 2021).

The different methods lead to baselines with different characteristics that need to be considered for their
implementation. Based on baseline methods’ analysis in the literature above, we identify several dimensions
along which different methodologies can be classified. In what follows, a mapping and classification of
baseline methods is presented. First, some baseline methods require some form of ex-ante calculation —such
as, e.g. baseline methods based on historical data as well as statistical and machine learning-based methods
— while others either rely on very close to real-time data (e.g. MBMA), compute the baseline ex-post (e.g.
control group, comparable day), or do not involve a specific individual baseline calculation (e.g. zero baseline,
capacity limitation). Another characteristic of a method is the party that is held responsible for the baseline
calculation, which can be the buyer (e.g. TSO, DSO) or the FSP. The calculation could be carried out within a
dedicated platform on their behalf. The data required for the baseline calculation is also a key differentiating
characteristic of each method, ranging from real-time metered data only, historical metered data, and other
historical data (e.g. weather related). The possibility for SDA is also a criterion of differentiation between
different methods. While some methods offer that possibility, for others, it is Not Applicable (NA), such as
for ex-post methods (e.g. comparable day, control group). Finally, a baseline can be static (the same baseline
value is considered during the whole activation period) or dynamic (a baseline profile is considered during
the activation period). An MBMF, for example, is a static method by design, while a self-reported baseline
can have different values for different points in time. Table 1 provides a classification of different methods
and their characteristics. While some methods are well defined and characterised by their intrinsic



properties, others may depend on the method employed by the buyers or FSPs for the calculation and
reporting of its baseline (e.g. self-reported or capacity limitation).

Table 1: Summary of baseline methods assessed
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3. BASELINE EVALUATION WITH RESPECT TO FLEXIBILITY MARKET
CHARACTERISTICS

Typically, baseline methods are evaluated in terms of their accuracy, simplicity and integrity. These criteria
were first introduced by (EnerNOC, 2009) and later used by other authors (Arunaun and Pora, 2018; Jazaeri
et al., 2016b; Valentini et al., 2022). In order for a method to be accurate, the baseline computed should
correctly estimate the level of consumption or production if the available flexibility is not activated. In
addition, the method should be simple enough for stakeholders to understand, implement, and verify its
outcome. Simplicity is a desired attribute not only from the implementation point of view but also as a way
to ensure that the method is transparent for both flexibility buyers and sellers. Additionally, criterion
integrity is used to determine to what extent a baseline method does not allow for the seller or buyer to
misrepresent the flexibility delivered.

In this paper, the three baseline evaluation criteria are used to evaluate the suitability of the baseline
methods for the three different key flexibility market characteristics, which are: (i) baselines for different
DERs, (ii) multi-DER baseline (e.g. behind the meter, aggregators), and (iii) the characteristics of flexibility
services. First, the DER technology used in the flexibility provision is analysed from the baseline perspective.
In this paper, the assessment is done not only for demand-reduction FSPs, but also for controllable and non-
controllable distributed generation (DG) and Energy Storage Systems (ESS). Second, baselines for multi-DER
FSPs are analysed. These result from aggregating different technologies behind or in front of the meter. The
suitability of each baseline method in this case is assessed. Finally, the baseline methods are assessed against
the characteristics of the flexibility services, more specifically, their timing (e.g. week-ahead vs close to real-
time) and direction of activation (upward vs downward flexibility).

Following this qualitative discussion on the fitness of the different baseline types, a decision framework is
built in order to identify the possible baseline types for the different use cases in flexibility markets. Figure 1
depicts a representation of the assessment framework considered in this research work. According to it,
three intrinsic baseline criteria are used to evaluate the different baseline methods in the context set by the
several flexibility provision characteristics considered.
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Figure 1: Representation of assessment framework

3.1 DIFFERENT BASELINE METHODS FOR DIFFERENT TYPES OF DER

In order to generalise the analysis of baseline methodology evaluation, four types of DER are considered,
namely Load-DR, Controllable DG, Non-controllable DG, and Energy Storage Systems (ESSs). Load-DR is
understood as a DER that can mostly reduce consumption. Controllable DG is the one that can modify its
output both upwards and downwards following the DG operator commands (e.g. backup generators). Non-
controllable DG stands for wind and solar, primarily, as these DERs cannot increase their output. They should
always be producing as much power as possible since any primary energy resource not transformed into
electricity is lost. Finally, ESS involve both stationary batteries as well as electric vehicles (EVs).

Historical approach methods have been largely used to determine the baseline for load-DR. They aim to
estimate what would have been the consumption of a load-FSP if flexibility activation had not taken place.
Therefore, methods such as XofY, rolling average, and regression models have been widely used for this type
of DER (Valentini et al., 2022). These methods, however, present different levels of accuracy, simplicity and
integrity for this type of DER. According to (Jazaeri et al., 2016b), the XofY and rolling average are low
accuracy, high simplicity and medium integrity methods, while regression is a medium accuracy and simplicity
with high integrity, and machine learning techniques score high for accuracy and integrity, but low for
simplicity.

The simpler capacity limitation and the MBMA methods are suitable for any type of DER, considering their
intrinsic simplicity and no need for ex-ante calculation. The only baseline method clearly not applicable to
consumers is the zero baseline, as this method is designed for the distributed generation behind the meter
of a consumer.

With respect to distributed generation, a differentiation has to be made between the controllable and the
non-controllable DGs. The non-controllable units are mainly wind generators and photovoltaic (PV) units. In
this case, the size of the units is also relevant. For utility-scale PV and wind farms, it is possible that these
units are already scheduled in energy markets, not requiring a specific baseline for other services. However,
if these units are at the consumer scale, a baseline is needed. However, not all the baseline methods would
provide a satisfactory accuracy level in this case. Thus, methods that are only reliant on historical metered
data do not manage to accurately estimate the baseline. Averaging methods, such as the XofY or the rolling
average, are only suitable when combined with SDA and other baselining techniques, as the output of these



resources is more dependent on weather data than on what this output was a number of days before
(Fonteijn et al., 2021). In this sense, the regression method could be used if appropriate data are available,
as it can consider weather-related data that can be used to better estimate the DG output. For the same
reason, learning techniques could also be used, possibly increasing the accuracy of the baseline estimate at
the expense of simplicity. Alternatively, the self-reported baseline method can be used, but it can face
integrity challenges.

In the case of controllable DG, mainly backup generators associated with a consumer can be used to provide
flexibility services. Also, Combined Heat and Power (CHP) units could be used. These two types of units are
not the same in terms of generation patterns. Given that the backup generator is not expected to generate
electricity constantly, since in the idle case, the output of the DG would be 0, the baseline method providing
the most accurate estimate would be the zero baseline. With regards to the CHP, generation patterns should
be more stable as it is based on heat demand (Haesen et al., 2005). Therefore, historical methods should
provide accurate estimates of the baseline.

Finally, the last type of DER to be considered is ESS, more specifically, batteries. This type of DER can be
deemed a combination of consumption (charging mode) and controllable distributed generation
(discharging). If treated separately from the other DER at the delivery point (e.g. load plus storage), historical
data approaches alone may not be sufficiently accurate for this type of DER, or the integrity of the baseline
estimate could be at risk. Outputs of batteries are more dependent on other factors (e.g., local renewable
generation) than on the charging/discharging patterns in previous days. As for non-controllable DG, MBMA
is, technically, an accurate baseline for batteries. However, considering the capability of this resource to
change the power direction, integrity with MBMA could be at great risk. Storage owners may have the
incentive to momentarily change the state of the battery before activation only to modify the baseline (e.g.
change from discharging to charging before an upward flexibility activation). An alternative is to use the zero
baseline for batteries, thus mitigating the incentives for the resource operator to change its output direction
for the sole purpose of gaming the baseline method.

Table 2 provides an evaluation of the different types of baseline methods per individual type of DER based
on the three desirable criteria of a baseline method, namely accuracy, simplicity and integrity.

Table 2: Baselines methods for different types of DER

i . Accuracy Simplicity Integrity
Baseline Technique

Load-DR DG-C. DG-N.C. ESS Load-DR DG-C. DG-N.C. ESS Load-DR DG-C. DG-N.C. ESS
XofY Baselines Medium Low Low Low High High High High Medium Low High Low
Rolling average Medium Low Low Low High High High High Medium Low High Low
Comparable day Medium Low High Low High High High High Low Low High Low
Regression methods High Low Medium Low Low Low Low Low High Low High Low
Machine learning techniques High Medium High Medium Very low Very low Very low Very low High Medium High Medium
Meter-Before-Meter-After (MBMA) Low Medium Medium Medium High High High High Low Low High Very Low
Zero baseline NA Medium Low Medium High High High High NA Medium High Medium
Control group Medium Low High Low Medium Medium Medium Medium Low Low High Low
Self-reported NA NA NA NA High High High High Low Low Low Low
Capacity limitation NA NA NA NA High High High High NA NA NA NA

In addition to the type of DER, the size of the FSP can also be considered when selecting a baseline
methodology. Industrial loads or utility-size DG and ESS can typically perform more complex energy
management than residential loads. In this context, the relative importance of simplicity may be reduced in
favour of accuracy. Integrity can, in this case, also be checked more closely by the parties procuring flexibility
and/or regulatory authorities. In this context, the self-reported baseline method becomes a more appropriate
option for these types of FSP.



10

3.2 MULTI-DER FSPs AND AGGREGATION

In future flexibility markets, FSPs may comprise not only one type of DER but several. An active consumer
may provide flexibility by reducing its load while having a solar panel and a battery connected behind the
meter. Alternatively, the FSP can, in fact, be an aggregation of DERs in the same geographical location (e.g.
an energy community). Finally, an FSP can be an independent aggregator that offers the flexibility of sparsely
located DERs of different types. This situation of multi-DER FSPs poses a challenge to the definition of
baselines.

Some works in the literature have proposed, for instance, algorithms to identify different DER types and
decouple them for baseline purposes. (Li et al., 2019), for instance, proposes a machine learning algorithm
to decouple the DG and the load patterns. Although this study advocates for the suitability of this method, it
also highlights the challenges in terms of the required data to have a robust model of the distributed
generation, including the locational historical information of the output of the PVs. Besides, the machine
learning algorithm can be seen as featuring low simplicity.

Historical data approach methods can incur a loss of accuracy in the presence of behind-the-meter
generation and/or storage. The regression and ML type of baseline methods could consider weather-related
variables to determine the baseline, but complexity would, then, increase. The MBMA method is the one
that could be affected the least, not because it accounts for the effects of the DG behind the meter but
because of its simplicity. However, this method would probably provide a largely inaccurate estimate of the
baseline. The comparable day method and the capacity limitation could also be considered, provided that
enough past data is available to ensure that the conditions of the activation day are considered. Otherwise,
efficiency losses could occur for these two methods.

The zero baseline is the baseline method that aims to properly account for the controllable DG, considering
that an additional meter is installed. This method would remunerate any production from the DG installation
(therefore, the baseline is zero), as this energy would have otherwise been withdrawn from the grid.

Multi-DER FSPs can also take the form of an aggregator. In the case of aggregation of the same type of DER,
the baseline method can be chosen according to the type of DER being aggregated. Some methods are
straightforward, and the aggregated form of the baseline is simply the summation of the individual ones, as
for the MBMA or the capacity limitation. For other methods, such as the XofY, it is also possible for the
baseline to be calculated directly in an aggregated form (EnerNOC, 2011).

With regard to the aggregation of different types of DERs under the same portfolio, it becomes apparent that
one single baseline method can hardly be accurate for the portfolio as a whole. The exceptions to this are
the static baseline methods capacity limitation and MBMA. The capacity limitation and the MBMA are equally
applicable to both individual and aggregated baselines. The latter, given its simplicity, can be applied the
same way to compute an aggregated or an individual baseline (assuming that every unit is metered). Finally,
with regards to the zero baseline, assuming that an additional meter is installed to measure the generation
of the behind-the-meter non-controllable DG, the aggregation of all those units would be possible, enabling
the separate treatment of backup generation, load, and other DER types.

Another possible baseline method that could overcome the lack of accuracy for aggregation is the
comparable day, also for multi-DER portfolios. However, this baseline method also has aspects that should
be taken into account. It entails the ex-post determination of the baseline by the aggregator, provided there
is a large enough set of past data to allow for the selection of a similar day in terms of portfolio behaviour.

If different baseline methods can be considered, a differentiated treatment of the different types of DER
would be most accurate. In this context, two approaches may be suggested, namely the grouping of the
computation of the baselines by either type of technology or by cluster.
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Separate baseline methods can be used per type of technology or type of DER within an aggregated portfolio.
In other words, specific baseline methods can be applied to the different DER types according to what fits
best each one of them. This approach should not be difficult to implement in the case where the different
DER types are all different units, or delivery points, associated with individual meters. However, in the case
of multiple DER types per metering point, such as for a consumer with a PV installation and an EV charging
station, additional submetering data would be necessary. This would, on the one hand, increase the accuracy
of the portfolio’s baseline computed but, on the other, decrease its simplicity.

As an alternative to using submetering data to decouple the determination of the baseline for the different
technologies, units could be grouped into clusters, and specific baseline methods could be applied to each of
those according to the clusters’ characteristics (Li et al., 2017; Schwarz et al., 2020; Zhang et al., 2016). A
cluster could be defined according to the types of DER combined. For example, residential consumers would
form one cluster, and so would consumers with PV, consumers with EV, etc. The advantage of this approach
is that no additional data is required apart from the metering data already in place. The disadvantage is that
accuracy may be impacted negatively (especially in the absence of appropriate metering). Finally, another
alternative is to use the profile of a control group of end-users as the baseline for the aggregated FSP (Wang
et al., 2018).

3.3 PRODUCT TIMING AND DIRECTION

The flexibility markets of the future are expected to trade different products with different requirements.
Firstly, products can be set for upward or downward flexibility. Upward flexibility corresponds to an increase
in generation or, similarly, a reduction in consumption, while downward flexibility corresponds to an increase
in consumption or a reduction in generation. As of today, balancing markets are trading upward and
downward flexibility. Congestion management markets operating in a redispatch fashion, too, require
upward activations to be compensated by downward ones.

Secondly, the timing of the products can also have an impact on the choice of the baseline method. As
mentioned in Table 1, several baseline methods require the ex-ante calculation of the baseline, which can be
challenging if products are procured very close to delivery time.

It is important to note that in this paper, only baselines for active power products are considered. Flexibility
for voltage control may also be traded in the future under different product formats (Troncia et al., 2021).
Products for voltage control can be set as reactive power or a PQ setpoint. The baselining for such products,
however, is outside the scope of this paper.

The following subsections discuss the fitness of the different baseline methods depending on the direction
of the flexibility provision (up or downwards) and the market timing.

3.3.1 Flexibility direction

Most baseline methodologies can be considered appropriate for both upward and downward flexibility
provision. The main incompatibility concerns the capacity limitation baseline/product. This product is
designed primarily for DSOs to mitigate congestion in primarily radial networks, as they serve as a means to
place a limitation on the power flow in the congestion assets. In this case, the flexibility needed would mostly
be upwards.

The other methods would, in principle, be suitable for both upward and downward products without intrinsic
limitations to either product. The baseline design, however, may impact the performance of different
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products. Some baseline methods are notably biased in a particular direction to incentivise flexibility
provision. The HighXofY method is known for having an up bias, which is an incentive for upward flexibility
provision (Wijaya et al., 2014). For downward flexibility, however, this would act as a disincentive, as the up
bias would reduce the amount of flexibility deemed to be provided and remunerated by the buyer. In this
case, variations such as the MidXofY or the LowXofY could be more appropriate.

3.3.2 Market Timing

The trading of flexibility can take place in different timeframes. Frequency control markets can trade products
minutes ahead of delivery, while some local flexibility markets can take place years in advance. For the
baseline definition, an important aspect from the implementation point of view is the timing of the activation
process. Certain baselines are simpler to compute than others. The ability to implement those Baseline
methods based on ex-ante computation depends on the time frame of the flexibility activation process. For
certain products, activation may take place on very short notice and for short periods of time. This can be
the case for capacity products, for instance, in which the system operator is entitled to change consumption
or generation when the need arises. In such cases, the need to accommodate the data gathering and
computation of the baseline in the activation process has to be considered. If the computation of baselines
cannot be done within the activation process timeframe, baseline methods that require no previous
computation can be considered, such as MBMA, capacity limitation, zero output and comparable day.
However, static baseline methods such as the MBMA have the drawback of featuring low accuracy in long
activations, given that the baseline cannot be changed in them. Conversely, if the activation is for a very short
period of time (e.g., a few seconds), MBMA may be the most adequate, as historical meter measurements
may not provide the right granularity. For this reason, international experience shows that MBMA is the most
used baseline method for balancing services (DNV-GL, 2020).

With regards to those energy products cleared some time in advance of the activation, one aspect to be
considered is the gaming opportunities the provision of these products may generate for certain baseline
methods. If the flexibility market is cleared in the day ahead, for instance, and the baseline calculation
includes data collected after the gate-closure time (GCT), the FSP may be able to game the method by trying
to inflate the baseline (increasing consumption) during the hours between GCT and the baseline
calculation/activation. In this case, an alternative would be to exclude those hours between the GCT and the
activation for the baseline methods XofY (see Figure 2) and, possibly, for the rolling average. However, it is
possible that the day of activation, or the day before, is relevant for the accuracy of the baseline calculation.
In the XofY methods, SDAs are usually calculated based on the operation in the hours before delivery, and
the rolling average weights for the samples on the day before activation are larger than those of other
samples in the historical series. Therefore, in those cases in which those hours between GCT and activation
still have to be taken into consideration, a set of rules should also be put in place to ensure the right of the
party procuring the service to verify the need and accuracy of the data close to activation. For instance, the
Belgium TSO Elia decided that no adjustments are to be applied in their HighXofY baseline method for
balancing services. Nevertheless, the FSP could request the calculation of adjustments. In this case, a three-
month evaluation is carried out to compare results with and without adjustments. If adjustments are proven
to be more efficient, they are introduced for the baseline calculation, but under certain conditions. If the
baseline is increased by more than 15% with the adjustment, justifications are required (Elia System
Operator, 2019).
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4 Adjustment period
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Figure 2: Adjustment period in a HighXofY baseline methodology in Belgium. Hours between the DA GCT and activation are used. Source:
(Elia System Operator, 2019)

Another dimension of market timing is the existence of sequential markets that will impact the final output
of the FSP. This could be the case even for different buyers, such as for TSOs and DSOs procuring flexibility
for their different needs (Lind et al., 2019; Marques et al., 2022). In this context, harmonisation of baselines
across interacting markets might be desired in order to avoid distortions created by different methodologies
being applied in interrelated processes.

3.4 DECISION FRAMEWORK FOR BASELINE METHOD SELECTION

Considering the assessment above within the proposed methodology, this section summarises this analysis
and proposes a tool for the baseline method selection process considering the different characteristics of the
product and the participants to which the baseline is applied. This tool adopts the form of a decision tree, as
shown in Figure 3.

The starting point is the verification of whether the FSP is already individually scheduled (i.e. the FSP has a
demand and generation plan committed for other markets, such as the day-ahead market). In this case, no
additional baseline would be required, as the schedule of the FSP would serve as a baseline. The second
consideration is whether or not the FSP is aggregated. If the FSP is one individual unit, different baseline
methods can be considered for the different types of DER. The specific baseline to be chosen would also
depend on the product and unit characteristics. Additionally, the design option to implement should also
depend on the market characteristics (e.g. possibility for SDAs).

If the FSP is of a multi-DER type, submetering could be used to calculate baselines per technology. Otherwise,
the baseline for clusters could be used, offering greater simplicity but possibly lower accuracy. Alternatively,
the comparable day, control group or self-reported baselines are also viable for multi-DER aggregation.
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4. CONCLUSIONS AND POLICY IMPLICATIONS

In this paper, baseline methodologies are analysed from the perspective of future flexibility
markets in which FSPs can (i) be of different types of DER, (ii) be composed of multiple types of
DER (e.g. behind-the-meter, aggregated), and (iii) may participate in markets procuring flexibility
in different directions (upwards or downwards) and of different timings (from years ahead to
close to real-time).

In the context of a multitude of flexibility services, markets, and FSPs types, this paper shows
that there is no one-size-fits-all baseline method while providing a guideline and framework for
choosing the most suitable methods depending on the flexibility trading characteristics. These
recommendations are also aligned with the current efforts taking place at the European and
international scale for the adequate definition of baselines due to their essential impact in
enabling the participation of DERs (of different types) in electricity and flexibility markets. The
Framework Guideline on Demand Response published by the EU Agency for the Cooperation of
Energy Regulators (ACER) highlights that baseline definition should aim at easy, transparent and
accurate methods while preventing gaming opportunities. In addition, ACER’s framework
guideline states that baseline methodologies could be different for different products and
timeframes. In this sense, this paper analyses the different methods and identifies the most
appropriate baseline definition and calculation methodology for each of the different flexibility
provision contexts. The ACER framework also advocates for technology-neutral baselines.
However, this can lead to a decrease in the adopted baseline method’s accuracy or integrity as
compared to choosing the most adequate baseline method for each different DER technology
and aggregation of technologies, the availability of metering/sub-metering, and the flexibility
market’s characteristics.

The choice of a baseline should be based on the particularities of the flexibility markets, products
and FSPs involved. Harmonisation of baselines across interacting markets, however, might be
desired in order to avoid distortions created by different methodologies and to allow additional
certainty for the FSP regarding its expected remuneration. This can be the case for TSO-DSO
sequential markets, for example.

Therefore, this paper proposes a guideline for baseline choice to be used by practitioners and
market actors in defining the most appropriate baseline given the flexibility trading
characteristics. Nevertheless, future work is required to further investigate these interactions
from a quantitative perspective, including the specific conditions found in flexibility markets
(e.g. balancing and congestion management redispatch) as well as FSP characteristics.
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