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This deliverable presents the second phase of the innovation activity “Optimal Selection of Available
Flexibility”, developed within Task 4.4 of the OPENTUNITY project. It builds on the foundations
established in the first phase, where data from electric vehicle (EV) charging stations and Home
Energy Management Systems (HEMS) were analyzed, integrated into the KOL aggregation platform,
and used to develop advanced baseline and flexibility forecasting models. These outputs now serve
as key inputs for the work presented here.

The main goal of this task is to support aggregators and flexibility service providers (FSPs) in making
optimal decisions on where to offer flexibility and which assets to activate for delivery. Accordingly,
the deliverable covers two complementary algorithms:

e Market Selection Algorithm, which identifies the most profitable flexibility markets (day-
ahead, intraday, TSO ancillary, or DSO local) considering technical and regulatory constraints
and using forecasted consumption, flexibility potential, and price signals. It compares
different participation strategies and demonstrates that combining day-ahead optimization
with ancillary services participation can significantly increase revenues while maintaining
operational feasibility. It also includes a brief module on implicit flexibility: a household-level
tariff optimization case that shows how end-users can manage loads under the new
Slovenian network tariff system.

e Optimal Selection Algorithm, which determines the least-cost feasible combination of
assets to activate in response to flexibility requests, given available resources and constraints.
Implemented via a genetic-algorithm framework, it selects the most cost-efficient asset set
while satisfying technical and operational requirements. The framework is modular and
adaptable to evolving market settings or new asset types.

Together, these components form a comprehensive flexibility-management framework —
spanning the identification of profitable market opportunities, activation of distributed resources in a
cost-efficient manner, and enabling household-level optimization under evolving tariff schemes.

The work described in this document has been conducted within the OPENTUNITY project. This
document reflects only the OPENTUNITY Consortium view and the European Union is not
responsible for any use that may be made of the information it contains.

This document and its content are the property of the OPENTUNITY Consortium. All rights relevant
to this document are determined by the applicable laws. Access to this document does not grant any
right or license on the document or its contents. This document or its contents are not to be used or
treated in any manner inconsistent with the rights or interests of the OPENTUNITY Consortium or the
Partners detriment and are not to be disclosed externally without prior written consent from the
OPENTUNITY Partners.

Each OPENTUNITY Partner may use this document in conformity with the OPENTUNITY Consortium
Grant Agreement provisions.
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1 Introduction

1.1 Purpose of the document

This deliverable represents the second iteration of the report prepared under Task 4.4: Optimal
Selection of Available Flexibility within the OPENTUNITY project. It builds on the outcomes of the first
phase, which focused on analysing real data from EV charging stations and HEMS devices to develop
baseline and flexibility forecasting models. The second phase extends this work by building upon the
established forecasting and data integration framework to develop and implement two algorithms
that address different stages of the aggregator's and FSP's workflow. The first is the Market Selection
Algorithm, which identifies which flexibility markets an aggregator should participate in, based on
forecasted consumption, flexibility potential, price signals, and technical or regulatory constraints.
Within this framework, a complementary tariff-optimization module is also presented, demonstrating
how similar optimization principles can be applied at household level to reduce network-tariff costs
using the Reduxi HEMS system. The second algorithm is the Optimal Selection Algorithm, which
focuses on the internal decision-making of the aggregator during flexibility activation, determining
the least-cost combination of assets to deliver the requested flexibility while respecting technical
and operational limits.

1.2 Scope of the document

The document describes the approach adopted in the second phase of Task 4.4, detailing the
theoretical formulation, design, and initial testing of both algorithms. For the Optimal Market Selection
Algorithm, the document presents the methodology and the results obtained using real data from
AVANTCAR's EV charging stations. In the same section, the tariff-optimization module that addresses
implicit flexibility at the household level is presented. For the Optimal Selection Algorithm, it
introduces the algorithmic framework and provides a demonstration example using a small,
simplified portfolio to showcase its operation and internal decision logic.

1.3 Structure of the document

The document is structured in the following sections:

e Section 2 provides an overview of the Optimal Market Selection Algorithm, describing the
main market opportunities available to aggregators and FSPs and the methodology used to
assess their profitability. It includes the theoretical formulation of the algorithm and the results
obtained from its application using real data from AVANTCAR's EV charging stations. It also
includes a complementary tariff-optimization sub-algorithm, which applies the same
optimization principles at the household level through the Reduxi HEMS platform under
Slovenia's dynamic network-tariff system.

e Section 3 focuses on the Optimal Selection Algorithm, which supports the decision-making
process of an aggregator during flexibility activation. It presents the background and
literature review, the design and implementation of the algorithm, and the modelling of both
technical constraints and cost components for different asset types. The section concludes
with a demonstration case illustrating how the algorithm operates on a simplified portfolio.




D4.4 Optimal selection of available flexibility v2

2 Optimal market selection algorithm

The flexibility of energy assets can be offered across a range of energy markets, each ruled by
technical, regulatory, and economic requirements. To navigate this complexity, aggregators or
flexibility service providers (FSPs) must assess how the specific characteristics and limitations of their
assets align with the conditions of each market.

In Deliverable D43, we addressed two foundational aspects of this assessment:
First, we focused on baseline forecasting of the assets. This is essential because both system
operators and market platforms depend on accurate baseline estimates to validate whether the
contracted or activated amount of flexibility was or will be delivered as agreed. If the baseline
forecast is not calculated accurately, the FSP is penalized either because of not delivered energy in
the case of ancillary services and local distribution system operator (DSO) markets or in the form of
imbalance in the case of day-ahead (DA) and intraday (ID) markets.

Second, we have developed models for flexibility forecasting, which estimate the potential power
and energy that can be offered across different markets. These forecasts are based on an evaluation
of the assets' technical feasibility, considering factors such as response time, activation duration,
availability windows, and operational constraints.

Both baseline and flexibility forecasting are essential for the development of the optimal market
selection algorithm. This algorithm is designed to determine, in advance, the most advantageous
combination of markets for each flexibility asset—guiding decisions on where and how to offer or
place bids for flexibility in order to maximize the value of the asset or portfolio of assets. The
algorithm estimates the relative value of different market opportunities—such as DA, ID, transmission
system operator (TSO) ancillary services like manual frequency restoration reserve (mFRR), local DSO
markets or network tariffs — and suggests how flexibility should be allocated across them.

For example, offering 1 MW of flexibility in the form of a capacity bid exclusively to the mFRR market
and waiting all day for activation may result in underutilization and lost revenue opportunities. Instead,
it could be more profitable to place bids in the DA market, adjust in the ID market based on updated
forecasts and prices, and only offer flexibility to mFRR as energy bids. The algorithm aims to automate
and optimize such strategic decisions, maximizing revenue while respecting technical constraints and
market rules.

Therefore, in this Chapter, we will introduce different markets, which were reviewed and considered
for market selection in the scope of OPENTUNITY. Furthermore, we will describe the optimal market
selection algorithm and provide an explanation of the demo use case, along with actual results of the
algorithm for the electric vehicle (EV) charging points fleet of AVANTCAR.

2.1 Market possibilities

The following sub-sections provide an overview of the primary flexibility utilization options available
to FSPs. These include TSO-level ancillary services for frequency regulation, DSO-operated local
flexibility markets and optimization strategies in the day-ahead and intraday markets, as well as
network tariff-based flexibility.
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2.1.1 Electricity price optimization

Electricity price optimization for end users—such as AVANTCAR's charging stations — can be
achieved by strategically participating in the DA and ID markets. The approach involves scheduling
asset operation based on DA price forecasts to minimize energy costs, while leveraging flexibility to
exploit extreme market signals (very high or low prices in ID market) to further reduce the energy
costs. Furthermore, adjustments in the ID market are relevant, where trades closer to real time help
reduce imbalance costs. Additionally, analyzing the system's expected power balance enables
smarter decisions in the ID market, for instance, not selling surplus energy even when prices are high
due to anticipated system shortages and due to the forecast indicating that imbalance costs will be
even higher.

2.1.1.1 Barriers and opportunities

Barriers:
¢ Baseline, flexibility and price forecast inaccuracy.
e Auction and gate-closure deadlines (e.g., more than 12 hours for DA, one hour before delivery
for ID).
e Minimum trade sizes and market liquidity constraints.
e Data and computation requirements for real-time optimization.
Opportunities:
e Revenue from price arbitrage (charging in low-price periods, discharging/selling in high-
price periods).
e Reduced imbalance costs by closely matching DA forecast with actual consumption.

2.1.2 TSO ancillary services markets

The TSO ancillary services market enables system operators to procure services like automatic
frequency restoration reserve (@FRR) and mFRR to maintain grid stability, with flexibility offered
through either capacity or energy bids. Avantcar's EV charging stations and Amibit's HEMS devices
could participate in these services, particularly through energy bids, which allow targeted offering
during specific hours when flexibility is available. However, a key barrier is the minimum bid size, for
example 1 MW in most European countries including Slovenia, Spain and Greece and for example, 5
MW in Switzerland. This bid size exceeds the flexibility capacity of individual portfolios—necessitating
aggregation of multiple assets. While direct participation is not yet feasible (flexibility power of both
portfolios has not reached 1 MW yet. For example, turning off all AVANTCAR charging stations could
provide up to 200 kW), future growth in charging infrastructure and HEMS devices could open
valuable opportunities for market entry.

2.1.2.1Barriers and opportunities

Barriers:
e High minimum bid sizes (e.g., 1 M\X/).
e Fast activation times and performance requirements (e.g. 12,5-min in mFRR and 5-min in
aFRR).
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e  Strict metering and communication standards.
e Penalties for non-delivery.
Opportunities;
e Capacity payments for standing reserve bids.
e Energy payments when actually activated.
e Enhanced system reliability and potential premium prices during scarcity.

2.1.3DSO0O local flexibility markets

Local flexibility markets are emerging as a potential cost-effective solution for DSOs to manage grid
issues caused by the rising integration of distributed energy resources (DERSs), such as photovoltaics
(PVs), heat pumps (HPs), and EVs. Unlike traditional infrastructure upgrades, these markets allow
DSOs to procure location-specific flexibility from prosumers or aggregators to resolve local
congestion and voltage problems. Supported by EU legislation and upcoming regulatory
frameworks, they offer lower participation thresholds compared to TSO-level ancillary services,
making them accessible to smaller assets. However, their broader adoption is still hindered by
regulatory uncertainty, limited standardization, and the need for real-time data exchange and
responsiveness from participating assets.

2.1.3.1Barriers and opportunities

Barriers:

e Regulatory uncertainty and differing national/local rules.

¢ Definition of geographic flexibility zones and asset registration processes.

¢ Limited market liquidity and pilot-phase participation.

e Communication protocols and real-time settlement requirements.
Opportunities:

e Capacity payments for standing reserve bids.

e Energy payments when actually activated.

e Engagement of small-scale assets that cannot meet TSO bid sizes.

2.1.4 Network tariff optimization

Electricity costs for consumers consist of supply charges, network fees, and regulatory charges, with
network tariffs covering the cost of using the grid. Since October 2024, Slovenia has adopted a
dynamic tariff model [1] that charges based on the highest 15-minute average power demand,
introducing five time-based tariffs that can increase costs for users exceeding their limits.
Traditionally, in other EU countries, for example, Austria, the network tariff consists of a fixed fee for
connected power and different fees for energy - summer (from April till October) and winter (from
November till March) high (from 06:00 till 22:00) and low tariff (from 22:00 till 06:00). For example, in
new tariff system in Slovenia, penalties are determined if the peak power exceeds the defined power
at the start of each month. The new network tariff system introduces 15-minute interval metering with
seasonal and time-of-day pricing, emphasizing contracted power levels and applying surcharges for
exceeding them, thereby shifting the focus from total energy use to managing peak demand. Optimal

10
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utilization of the flexibility of an asset can lower network tariff costs if high peaks can be avoided in
the expensive time blocks. More detailed description of the new tariff system in Slovenia can be
found in section 2.4, which presents a solution co-developed in OPENTUNITY, which utilizes the
flexibility of heat pumps to lower the consumer's tariff costs.

2.1.4.1Barriers and opportunities

Barriers (relevant for Slovenia):
¢ Regulatory uncertainty and differing national/local rules (e.g. Slovenia adopted the dynamic
model and changed it after a few months of operation. A New change is proposed for 2026).
e The defined power needs to be reported one month in advance, when the baseline and
flexibility forecasts are still uncertain.
Opportunities:
e Reduced network tariff costs.
e Engagement of small-scale assets that cannot meet TSO or DSO local market bid sizes.

2.2 Optimal market selection algorithm description - high level

High-level perspective of the optimal market selection algorithm is presented in Figure 1. To initiate
the optimal market selection process, the algorithm requires comprehensive asset information as a
fundamental input. As outlined earlier—and detailed in Deliverable D4.3—this includes both the
baseline forecast (the asset's expected consumption or generation without external signals) and the
flexibility forecast (the potential deviation from the baseline that can be offered as flexibility).
However, this information alone is not sufficient. The algorithm also takes into account a set of
technical, operational, and security constraints, which play a critical role in determining market
eligibility.

These constraints define the physical and operational boundaries of the asset and directly influence
where and how flexibility can be offered. For instance, an asset with a ramp-up time of 20 minutes
would be too slow to respond to activation signals in fast-response ancillary services like mFRR or
aFRR, which typically require activation within 12.5 and 5 minutes, respectively. Similarly, an asset with
a minimum continuous runtime of 12 hours may lack the operational flexibility required for
participation in short-duration balancing markets, where activation windows may last only a few
minutes. Conversely, assets with a ramp-up time of less than 30 seconds and no restrictive runtime
constraints would be technically capable of participating in nearly all relevant markets, including the
most demanding ancillary service products.

By integrating these parameters—baseline behavior, available flexibility, and technical limitations—
the algorithm performs a pre-screening step to determine the initial set of markets where each asset
could potentially participate. This mapping is essential for ensuring that the asset is not only
economically viable but also technically compliant with the rules and requirements of each market.
These carefully evaluated constraints serve as the foundation for the optimal market selection
algorithm, enabling it to recommend where and how assets should offer their flexibility to maximize
value while remaining within their operational capabilities.

11
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charging stations

OUTPUT

> >

==
-
&

LR

Optimal selection of the market
algorithm

Figure 1: High-level perspective of the optimal market selection algorithm.

The second critical set of inputs to the optimal market selection algorithm pertains to market
parameters and price forecasts. These inputs are essential for evaluating the economic potential of
each market and estimating how much revenue or cost savings can be achieved by offering flexibility
from either individual assets or aggregated portfolios. Among the most fundamental of these inputs
is DA market price forecast, which provide anticipated hourly electricity prices for the next day. The
relevance of DA market price forecasts lies in the anticipation of the market and, therefore, the
calculation of the gain an asset can achieve in the market. The economic gain is the crucial factor for
an asset owner to decide whether he is willing to lose the comfort by, for example, not charging at
the most convenient times. The prices forecasting enables the algorithm to assess opportunities for
cost minimization (in the case of flexible loads) or revenue maximization (in the case of dispatchable
assets). An illustration of a two-day DA price forecast is presented in Figure 2, highlighting potential
price spreads that can be exploited for energy arbitrage.

12
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Figure 2: Example of the DA price forecast.

In addition to the DA market, capacity, energy, and activation forecasts are provided for TSO-level
ancillary services (such as aFRR and mFRR) and emerging DSO-level local flexibility markets. These
forecasts allow the algorithm to anticipate how likely it is that flexibility bids will be accepted and
activated, which is especially important when assessing revenue potential from capacity payments
(for reserved flexibility) or activation payments (for delivered energy). Moreover, network tariff
structures, including both energy-based and power-based charges, are included as inputs. These
prices influence the total cost of operating assets and are particularly relevant under dynamic pricing
schemes, such as Slovenia's new tariff model introduced in October 2024 [1l.

Once all necessary inputs are collected, including baseline forecasts, flexibility profiles, technical
constraints, market prices, and tariff information, the algorithm performs the optimization and market
evaluation process (described in detail in the next subchapter). This process generates quantitative
assessments for each relevant market, providing both standalone and combined market participation
strategies. For instance, consider a 1MW / 2MWh battery energy storage system (BESS). If the
forecasted DA price spread is 120 EUR/MWh and the battery is cycled twice per day, the algorithm
identifies a potential gain of 480 EUR per day (2 MWh x 2 cycles x 120 EUR/MWh) through DA market
arbitrage.

While DA market gains can be calculated relatively directly, assessing potential revenues in other
markets—such as ancillary services or local flexibility schemes—is more complex, requiring
probabilistic estimations of activation likelihood, acceptance rates, and revenue caps. The algorithm

13
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accounts for these factors and compares all options to determine the most economically attractive
strategy for each asset or portfolio.
Ultimately, the algorithm delivers a comprehensive output that includes:

e The optimal market (or combination of markets) for each asset,

e The expected revenue or cost savings for each evaluated option,

¢ And the optimal operating schedule for the asset, specifying when and how flexibility should

be deployed to maximize returns.

By synthesizing technical feasibility with dynamic market and tariff inputs, the algorithm empowers
aggregators and flexibility service providers to make informed, data-driven decisions that maximize
the value of their energy assets.

2.3 Algorithm description and market gains calculation - granular
level

Optimizing the cost of electricity consumption is an example of a linear optimization problem. In our

case, we are looking for an optimal consumption vector E that minimizes the total cost of
consumption across discrete time periods

min Cconsumption = min ﬁ(t) : E(t);

where vector p(t) represents the electricity price and E(t) is the vector of energy consumption at
each time period t. The optimization attempts to shift consumption to periods with lower prices to
reduce the overall cost while meeting energy requirements.

We introduce a physical restriction of non-negative energy consumption

E®)=0 Vvte{1,2,..T}

while on the other hand, we bound it by the availability of energy assets, in Slovenian pilot case, the
charging stations Ey

E(t) <Ey(t) Vte{1,2,..T}

Here Ey represents the maximum energy capacity that can be consumed based on the technical
limitations and the number of active charging stations in each time interval.

An important constraint ensures that total consumed energy over the optimization period meets the
required energy demand. We represent this by the equality constraint

—

Aeq E = beq

where A is a constraint matrix that defines how consumption in every time interval relates to total

energy requirement, and Beq represents the vector of energy demand requirements that must be
satisfied.

14
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The vector Beq can represent different types of constraints depending on the optimization objective.
For example, the vector can be the actual energy consumed each day, ensuring that the optimized
consumption profile E(t) matches specific energy requirements. Alternatively, Eeq can represent
operational constraints such as the number of hours in a 12-hour time period that the stations can be
activated, effectively limiting the operational duration rather than direct energy quantities.

The choice of what Beq represents directly determines the structure of the matrix A.q. When Beq
represents energy consumption, 4., typically functions as a summation matrix that aggregates

consumption across time periods. However, when Beq represents operational time constraints, the
matrix A,y must be modified accordingly to relate energy consumption to operational hours,
incorporating factors such as charging rates, station capacity, and the relationship between active
time and energy delivered. This flexibility allows the same linear programming framework to
accommodate various energy management objectives while maintaining mathematical consistency.

We analyze three distinct optimization scenarios. In the first case we optimize cost by shifting
consumption to hours with lower day-ahead prices pp,4. We ensure that the total energy consumed
each day remains constant through the equality constraint 4., E= Eeq where Beq represents constant

energy consumed each day. The matrix A, is structured as a block diagonal matrix

d 0 0 0
0 d, 0 0
A4a=|0 0 d

where d; = (1,1, ... 1) are row vectors with length equal to the number of hours in day i. For a better
overview, each day spans from 6AM to 6AM the following day (in the further cases, we will divide the
day into working and non-working hours).

In our analysis, we have implemented the presented algorithm using the linprog [2] function from the
scipy.optimize submodule. We have chosen to limit the time span to 8 months, from January 1st, 2025,
to September 1st, 2025. The original full dataset (including data from 2024) creates an optimization
problem with thousands of variables and constraints, which can lead to numerical instability, memory
constraints, and excessive solution times. Initial attempts to solve this as a single optimization
problem frequently failed to converge, exhibited numerical instability, and required long solution
times - often without reaching any solution despite feasible solutions probably existing. This
challenge is inherent to large-scale linear programming problems, not specific to our
implementation. By reducing the timeframe and implementing a chunked optimization strategy
(dividing the period into segments), we significantly improve convergence reliability, enable error
isolation between chunks, and reduce the computational burden while still capturing representative
seasonal variation in energy demand and price patterns. Table 1 presents the optimization results for
different capacity utilization levels, showing how varying the upper power boundary from 100% down
to 30% of maximum availability affects both the achievable cost savings.

Table 1: Optimization results for different capacity utilization levels, DA market.

Share of max 30% 40% 50% 60% 70% 80% 90% 100%
power

15
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Original cost 31,637

[EURI

Optimized cost 21,110 18,318 16,566 15,485 14,728 14,185 13,779 13,452
[EURI

Absolute 10,526 13,319 15,070 16,152 16,908 17,452 17,858 18,184
difference [EURI
Relative 33 42 48 51 54 55 57 58

difference [%]

Figure 3: Optimization results for an average day at different shares of maximum power.

shows energy consumption of AVANTCAR's electric stations portfolio for an average day. Based on
the figure, the original consumption of portfolio of charging points is between 15% and 20% of the
maximum power. As utilization increases and a larger share of available power is deployed, the load
curve becomes more peaked, with the majority of consumption shifting toward midday hours, when
electricity prices are lowest.

Average day at different shares of maximum power

300 1 original

—— at100 %
250 A —— at90 %
. at 80 %
200 - / at 70 %
/ at 60 %
\ at 50 %
at40 %
—— at30 %

150 ~

Energy [kWh]

=

[=]

o
I

Hour

Figure 3: Optimization results for an average day at different shares of maximum power.

Building on top of the first case, we introduce operational restrictions limiting charging station
activation to a maximum of 4 hours during the work hours (6 am to 6 pm) and 4 hours during the night
hours (6 pm to 6 am). The 4 hours were chosen as this is the duration which should, if empty, fully
charge the vehicle in the majority of cases. This is especially relevant for the night hours. This
introduces an additional inequality constraint:

Aub' E S Bub'

here by, = (4, ..4) with length twice the number of days. The matrix A,, separates day and night
periods:

16
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a0 0 0 0 0

0 d2 0 0 0 0

0 0 di o 0 0
Ab=10 0 o0 d? 0o o |
0 0 a. o

0 0 0 0 d2

where vectors Jfl'z) correspond to daytime and nighttime hours respectively, with elements equal to

the inverse upper limits of available energy &?'2) = EMl.‘l.

Table 2 was made in the same way as in the previous case, but we have only included those percents
of total power that were successfully optimized. For example, if only 30% of max power was available,
we would not be able to consume the same amount of energy as the fleet did during this same 12-

hours period.

Table 2: Optimization results for different capacity utilization levels, DA market. Added limitation of
charging to a maximum of 4 hours during work and 4 hours during night

Share of max 60% 70% 80% 90% 100%
power

Original cost 31,637

[EURI

Optimized cost 17,792 16,073 14,830 14,031 13,525
[EURI

Absolute 13,844 15,564 16,807 17,606 18,111
difference [EURI]

Relative 44 49 53 56 57

difference [%]

Figure 4 shows energy consumption of AVANTCAR's electric stations portfolio for an average day
with additional limitations.
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Figure 4: Optimization results for an average day at different shares of maximum power. Added
limitation of charging to a maximum of 4 hours during work and 4 hours during night.

17



D4.4 Optimal selection of available flexibility v2

As mentioned in the previous section, the third case is not as straightforward as optimizing based on
a vector of prices. When participating in ancillary services markets, the optimization problem must
account for participation uncertainty - successful activation in the reserve market is not always
guaranteed. This introduces a stochastic element: future energy procurement and associated costs
depending on probabilistic outcomes. In general, solving this problem would mean tackling a
stochastic optimization problem with a large scenario tree. Rather than that, we have simplified this
model using probability-weighted averages and scenario sampling.

For our analysis we have decided to analyze a mixed scenario for the ancillary market participation.
The combined scenario operates by allocating energy storage participation between the daytime
day-ahead market (between 6 AM to 6 PM) focused on energy shifting, and nighttime ancillary
services participation (between 6 PM and 6 AM) when the system provides secondary reserve
capacity. The reason for the division lies in the fact that charging during the night can be very flexible
- we can exploit the period from 6pm to 6am and try to charge the EVs with negative aFRR price
signals. While during the day, some flexibility is possible, but time limitation makes it not aFRR viable.
For EV charging stations, this combination is particularly optimal because daytime DA market
participation allows the system to defer charging during peak price periods (when most EVs are
parked at work and don't need immediate charging), while nighttime operations can strategically wait
for the start of charging to provide demand response for ancillary services while ensuring vehicles
are fully charged by morning.

The basis in this case is the optimized energy profile from the previous case, with the limitation to 4
operational hours in each 12-hour time slot. We divide the profile into daily and nightly components:

Eopt = Eday + Enight

Energy consumed during the daytime is bought at the DA market at price pps, While during the
nighttime, we assume a price of the secondary reserve pg.., which we simplify with the following
expression pg.. = 0.2 - pp, (the lowest price which can be offered for energy in aFRR market in
Slovenia). We assume a 50% energy received (the number is a pessimistic guess, assuming that we
would be able to get 50% of the energy consumed in the ancillary services market. We cannot predict
the amount of activations, but based on history data, as we act as an aggregator, we could get more
than that) in the ancillary market, which means that half of the allocated hours would be won and
paid at the price p..., While the other half would then have to be paid at the imbalance prices, pimp- In
vector form, we will describe this as E,. , which is the same as Ey;g5,. but has zeros at time stamps of
those 50 % not-activated cases. Total supplier's cost can now be written as

Csupplier = Z E(ﬁay ' p]SA + Estec ' psFeC + [Er’iight - Estec] ' pitmb
t

We can define a difference between the cost of the original not-optimized profile as €, and the
supplier's cost as A = Cy — Coyppiier- 1he relative difference is then o, = A/C,. To account for the
stochastic nature of the problem, we execute the optimization algorithm several thousand times,
each iteration randomly sampling different activation scenarios based on the assumed probability
distribution. For each simulation run, we randomly determined which nighttime hours would be
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successfully activated for ancillary services (receiving payment at pg..) and which would result in
imbalance costs (charged at p;n). This approach allows us to generate probability distributions of
cost savings rather than point estimates, and it highlights the issue of uncertainty in the market. The
results present the average outcomes across all simulation runs, providing a more realistic
assessment of expected performance under uncertain market conditions.

Table 3 showcases the average results from 10,000 runs of the random scenarios.

Table 3: Optimization results for different capacity utilization levels, DA market and ancillary services.
Added limitation of charging to a maximum of 4 hours during work and 4 hours during night.

Original cost 31637

[EURI

Optimized cost 13.974 13,026 12,324 11,799 11,416
[EUR]

Absolute 17,663 18,611 19,313 10,838 20,221
difference [EURI

Relative 56 59 61 63 64

difference [%]

Figure 5 shows the comparison of different scenarios: the DA scenario with work and night-hour
limitations, and the combined DA and ancillary services market scenario. The results indicate that
combining DA with ancillary services can enhance savings by around 10% on average compared to
DA-only optimization. Additionally, increasing the share of utilized charging points does not
significantly improve savings, suggesting that operating above 60% of maximum power is
unnecessary. Notably, at 60% of maximum power, savings of 56% compared to original costs can be
achieved.

Cost at different shares of maximum power
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Figure 5: Optimization results for scenarios of DA and DA & ancillary services markets combination.
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2.4 Implicit flexibility optimization based on grid tariff

2.4.1 Context and motivation

While the previous sections address explicit flexibility trading through participation in DA, ID, and
ancillary service markets, flexibility can also be exploited in an implicit manner—by optimizing end-
user consumption patterns locally without direct market participation. Within OPENTUNITY, this
approach is demonstrated through Amibit's Reduxi [3] HEMS platform, which enables intelligent
control of household loads to reduce electricity costs and support grid efficiency.
New Slovenian network tariff system
Since 1 October 2024, Slovenia has implemented a new network-tariff scheme [1] that drastically
changes how distribution charges are calculated. The new model bills users according to the highest
15-minute average power demand measured within defined time blocks, shifting the emphasis from
total monthly energy consumption to instantaneous power usage.
Key features of the system include;
¢ Five daily time blocks reflecting different grid-load conditions, each with its own tariff.
e Two seasonal periods: a high season (November-February) and a low season (March-
October).
e Contracted capacity per time block, declared in advance and based on historical
consumption.
e Excess-capacity surcharges whenever measured power exceeds the contracted value
within any 15-minute interval.
o Shift of emphasis from energy to power: the new billing system places greater weight on
instantaneous power (kW) rather than total energy consumed (kWh), incentivising users to
reduce and smooth their peak demand.

Under this regime, households are incentivized to flatten demand peaks and shift flexible loads
toward lower-tariff periods. The system promotes energy efficiency and network stability but also
introduces new challenges, particularly the risk of exceeding contracted power limits, which results
in penalties.

Within OPENTUNITY, the existing functionalities of the Reduxi HEMS were enhanced to address
these challenges by integrating the forecasting and optimization capabilities developed in Phase 1 of
Task 4.4. Building on these developments, a tariff optimization algorithm was designed to anticipate
household consumption, evaluate tariff impacts, and automatically control flexible devices (mainly
heat pumps) to minimise network charges while maintaining user comfort.

The following subsection presents the conceptual design and operation of this algorithm.

2.4.2 Methodological concept

The tariff optimization algorithm developed within OPENTUNITY builds on the Phase-1 forecasting
and data-preparation framework. Its objective is to minimise total household electricity cost under
the new network tariff while preserving thermal comfort and respecting contracted power limits. The
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approach focuses primarily on heat pumps (HPs), given their widespread adoption, thermal inertia,
and strong link between power consumption and indoor comfort.

The algorithm functions as a predictive control routine: it uses external weather forecasts and
household-load forecasts to anticipate future cost implications, and combines this with a data-driven
thermal model of the building-HP system to determine when to operate the HP in order to shift load
away from high-tariff or capacity-penalty periods and pre-heat intelligently. This process is illustrated
in Figure 6.

expensive mid price cheap expensive

input
put
power

optimal max

power

Figure 6: Tariff optimization logic representation

The optimization problem is formulated as a constrained minimisation of a cost function:

minimise Cotar = Cenergy + Ceapacity T Ceomsort
WWhere:
*  Cenergy represents the cost of energy consumption in each tariff block
o Ceapacity represents potential penalties for exceeding contracted power and
*  Ceomrore Quantifies the deviations of indoor temperature from the preferred comfort range
(typically 0.5-1 °C from the preferred comfort level).

The algorithm uses the following inputs:
e Forecasted household consumption, using the forecasting methodology developed in
Phase 1.
e Tariff structure data, including time-block definitions, seasonal factors, and contracted
power levels.
¢ Comfort parameters, defining the acceptable indoor temperature range

The algorithm follows the next steps:
1. The baseline demand is forecasted
2. Thermal state prediction with the data-driven thermal model picks candidate HP schedules
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3. The cost model evaluates each candidate schedule by combining energy cost, capacity
penalty risk and comfort deviation

4. Optimization picks the schedule that minimises total cost while respecting contracting power
and comfort constraints

Data-driven thermal model (DNN with optional ODE model)

Instead of detailed physics-based building model (which is impractical at scale) or a hand crafter first-
order thermal model, the thermal dynamics of each building are learned directly from data. For the
model a deep neural network (DNN) f, is trained using historical load data, as well as measured
indoor and outdoor temperatures. It can be expressed in a form of a function;

Tis1 = fo(Tet—io Prt—ior Tt?#—tk)

where T is the indoor temperature, P is the electrical power of HP and T°“¢ is the outdoor temperature
and the look-back window k captures thermal inertia and past dynamics. To enhance generalisation
and enforce physically plausible dynamics (e.g., smoothing, inertia, monotonic cooling/heating
behaviour), the DNN can be augmented with a lightweight ODE-style residual sub-model g4 (a
lightweight, physics-inspired term). The combined hybrid model becomes:

Tes1 = fo () + g¢(')

Here g4 encodes a simplified version of a thermal-dynamics equation (for example derived from an
RC network model) but with limited parameters and trained in parallel or integrated with the DNN.
A schematic representation of this modelling concept is shown in Figure 7.

input activelzt> heat pump : building indoor
power temperature

L] LI

outdoor temperature

Figure 7: Building thermal behavior modelling concept

By adopting this modelling approach, the optimization algorithm can evaluate the indoor-
temperature outcomes of candidate HP schedules reliably and efficiently, enabling proactive shifting
or pre-heating that reduces tariff costs and avoids exceeding contracted power limits.

2.4.3 Algorithm testing approach and expected outcomes

The algorithm will be evaluated using data from approximately 30 households equipped with Reduxi
HEMS devices and heat pumps. Because full live control may not initially be feasible, the evaluation
will rely on simulated control performance using real-world measurement and device-status data.
Each selected household will provide at least one full year of historical power-consumption and heat-
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pump operating-state data. The collected parameters include active power consumption in 15-
minute intervals, heat-pump operating statuses (e.g., OFF, ECO, Normal, Boost), set-point
temperatures (where available), and outdoor temperature (where available). Prior to analysis, the
dataset will be cleaned to remove incomplete or inconsistent records, thereby ensuring the reliability
of the results.

Collected data serves two primary purposes: firstly, to train the data-driven thermal model described
in Section 2.4.2 for each household (or household cluster); secondly, to support simulation of the
control algorithm under the new tariff structure. For each household simulation, a baseline scenario
representing normal user operation (without optimization) will be compared with an optimized
scenario (with the algorithm applied).

The main expected outcome is that the algorithm will successfully reduce total household electricity
costs under the new tariff system, by intelligently timing consumption and avoiding unnecessary
exceedance of contracted power limits. Additionally, the evaluation will test how suitable heat pumps
are as flexibility assets and how their controlled operation impacts indoor temperature states and
comfort levels.
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3 Optimal selection of available flexibility

3.1 Background and literature review

In modern electricity systems, an aggregator or FSP acts as an intermediary that coordinates a
portfolio of DERs in order to jointly participate in flexibility and ancillary services markets. The
aggregator bundles ‘behind-the-meter" assets whose individual size or heterogeneity would
otherwise make them non-viable for direct market engagement, turning them into a coherent virtual
resource.
Under the EU's Clean Energy Package (notably Directive 2019/944 [4]), independent aggregators
have been explicitly recognized and granted the right to enter electricity markets on behalf of their
assets, without requiring the consent of retail or generation incumbents. This shift is meant to unlock
demand response, distributed flexibility, and grid services from smaller actors that historically could
not engage with system operators or wholesale markets.
The process by which an aggregator participates in flexibility markets and manages its portfolio can
be described as a sequence of key stages, outlined below.
1. Portfolio onboarding and pre-qualification
The process begins with contracting customers and their flexible devices, capturing their
technical parameters (e.g. maximum/minimum power, ramp rates, state-of-charge or
temperature bounds), and deploying the necessary metering and control infrastructure. If
required by local rules, the aggregator must also pre-qualify its portfolio with the DSO and/or
TSO (e.g. proving controllability, meeting minimum bid sizes, ensuring metering granularity).
In many cases, the aggregator may group assets by network zones or market segments (e.g.
DSO flexibility zones).
2. Forecasting, baseline definition and availability
In this step, the aggregator builds forecasts of generation and load for each asset, estimates
when devices are available for flexibility, and determines the flexibility envelope of the
portfolio under technical constraints. It also defines baselines (the counterfactual “no-
activation” profile) for later verification and settlement.
3. Product selection and bid formation
Based on forecasts and flexibility potential, the aggregator chooses which markets or
products to enter (e.g. day-ahead/intraday energy markets, balancing services, local DSO
flexibility). It then formulates bids or offers that comply with each market's rules (minimum
volumes, durations, ramp limits, gate closures). This stage often involves value stacking,
deciding how to allocate the same flexibility to different overlapping opportunities to
maximize revenue.
4. Validation and nominations
Before finalizing the bids, validation is performed to ensure network feasibility (DSO checks
for congestion and voltage constraints) and market consistency (balance responsible
parties/TSO checks to ensure the portfolio remains balanced). Once validated, the
aggregator issues nominations or confirmations indicating which flexibility it will deliver.
5. Activation, disaggregation and real-time control
When the flexibility request (activation) arrives, the aggregator must disaggregate the
requested profile into per-asset setpoints, respecting device constraints and time-coupled
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dynamics (e.g. battery state of charge (SoC), Heating, Ventilation and Air-Conditioning (HVAC)
thermal inertia). Real-time telemetry monitors compliance, and intraday re-dispatch or
corrective trades may be executed to address deviations.

6. Measurement and verification
Post-event, the aggregator compares the actual delivered response to the baseline and
contracted activation profile. It attributes performance to individual assets or zones, produces
auditable records, and prepares the data required for settlement, penalties, or bonuses.

7. Settlement, reporting and learning loop
The market operator calculates revenues or penalties resulting from deviations, and the
aggregator receives payments, which must then be fairly distributed among the participating
customers. The aggregator also updates forecasts, recalibrates cost and penalty models, and
incorporates performance feedback to improve future bidding and dispatch decisions.

The optimal selection algorithm is positioned at step 5 (Activation, Disaggregation & Real-time
Control). At this point, the aggregator has received a flexibility request (upward or downward) to
deliver and must decide which subset of its assets, in which time slots, should provide that service.
This decision is complicated by:
e The combinatorial nature of the problem (many assets and many time slots),
e Inter-temporal coupling (e.g. battery SoC evolution, HVAC thermal inertia, minimum up/down
times),
e Real-time uncertainty and drift (forecast errors, device dropouts),
e The requirement to remain feasible under all constraints while minimizing cost or revenue
loss.

3.1.1 Literature review

To identify solution approaches capable of handling the complex disaggregation and dispatch
problem, we conducted a targeted review of the literature on energy systems, DER scheduling,
flexibility markets, and combinatorial optimization under uncertainty. Several methodological groups
emerged, which are summarized in Table 4 together with their main strengths and limitations.

Table 4: Literature review findings

Genetic Algorithms
/Evolutionary
Methods [5], [6], [7]

Hybrid /7 Memetic &
Parallel
Metaheuristics [8],
[o]

« Flexible encoding of
heterogeneous decision variables
(assets x timeslots)

- Good at exploring non-convex,
discrete solution spaces

+ Can support multi-objective
formulations (cost vs reliability vs
fairness)

‘Improves convergence speed via
local search, heuristics, or hybrid
operators

- Better fine-tuning / exploitation
combined with global search

25

+ Requires parameter tuning
(population size,
crossover/mutation rates)

- Convergence may be slow for
large-scale instances

- Risk of premature stagnation or
getting stuck in local optima

+ More complex to design and tune
- Needs domain-specific heuristics
- Overhead of coordination /
parallel infrastructure may
outweigh gains for smaller
problems
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-Parallel implementations scale

better
Exact / Relaxation - Cansometimes deliver optimalor - Often doesn't scale to high-
/ Decomposition bounded solutions dimensional, non-convex, discrete
[10] - More predictable or provable problems

performance - Relaxations may introduce large

- Useful for small-to-medium optimality gaps

problem sizes or subproblems + Hard to incorporate real-time

recourse/uncertainty elegantly

Stochastic - Explicit modeling of uncertainty, - Scenario explosion or large
/Adaptive recourse, drift computational complexity
Optimization / MPC - Greater robustness to deviations - Hard to integrate discrete
[11], [12] and forecast errors constraints, nonlinearity, device

+ Adaptability via rolling horizon or coupling

feedback control - May become overly conservative if

uncertainty sets are broad

From this comparison, it is clear that while exact and decomposition methods offer formal
guarantees, they are often difficult to maintain and scale when the problem involves a large number
of assets, time intervals, and operational constraints. Stochastic and robust methods provide
resilience to uncertainty but impose heavy computational burdens, especially for heterogeneous
portfolios. Hybrid metaheuristics can mitigate some of these issues but add design complexity.

It is acknowledged that the underlying problem could also be formulated as a Mixed-Integer Linear
Program (MILP), and modern solvers such as HiGHS or Gurobi are capable of handling problems of
comparable size. However, in the context of this task, where multiple asset types, evolving
constraints, and dynamic cost representations are expected, the use of a Genetic Algorithm offers
greater modelling flexibility. This approach avoids the need to reformulate the entire optimization
problem when new devices or constraints are added.

Considering the high dimensionality, inter-temporal coupling, and need for iterative testing within the
project, the GA approach was selected as a practical balance between flexibility, transparency, and
computational tractability.

3.1.2 Genetic algorithms

Genetic Algorithms (GAs) [13], a well-established class of evolutionary computation methods, are
particularly suitable for optimization problems characterized by complex, rugged search spaces and
multiple, often conflicting objectives. They operate on a population of candidate solutions and
iteratively evolve these solutions using biologically inspired operators such as selection, crossover,
and mutation. Over successive generations, the population converges toward high-quality solutions
without the need for gradient information or convexity assumptions.
Several features make GAs especially relevant to the flexibility disaggregation and scheduling
problem:
¢ Flexible encoding of heterogeneous assets: GAs can represent diverse decision variables
(e.g., different DER types and time-indexed constraints) using adaptable encoding schemes
ranging from simple binary strings to structured arrays.
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e Support for multi-objective optimization: Aggregators must balance revenue, operational
costs, degradation, and delivery reliability. GAs naturally accommodate composite objective
functions or Pareto-based approaches to explore these trade-offs.

¢ Robustnessin non-convex landscapes: Unlike classical optimization techniques, GAs remain
effective on discontinuous, nonlinear, or multi-modal problems where traditional solvers
often struggle.

3.2 Optimal selection algorithm design

3.2.1 Problem definition and objectives

Aggregators participating in flexibility markets face the challenge of scheduling a portfolio of
heterogeneous DERs in order to deliver explicit flexibility activations at minimum cost. The complexity
arises from the large number of assets and time intervals, diverse technical constraints, user comfort
requirements, and uncertainty in availability and forecasts.
The algorithm developed in this work is designed to address this scheduling problem in a way that
can be applied across different flexibility products. By adapting input parameters such as size,
duration, and ramping rules, it can operate in a variety of market settings. At its core, the algorithm
dynamically selects which assets to activate in each interval in order to minimize delivery cost, while
ensuring that:

e all technical and operational limits are respected,

e customer comfort and asset health are preserved, and

e uncertainty in availability and forecasts is handled through a rolling, adaptive operation.

The algorithms main inputs are the following:
o Flexibility forecasts (upward/downward potential per asset and availability windows),
e Asset metadata (rated capacity, maximum power, ramping limits, rest periods etc),
e Market signals (prices, accepted bids, product requirements),
e Real-time asset states (availability, SoC, indoor temperature, PV availability), and
e Costinformation (activation costs per asset).

The decision variables of the algorithm are the dispatch set-points x; . [kW] for each asset i and each
time interval t.
The algorithm also includes several feasibility constraints:
e Per-asset bounds (technical capabilities, availability windows, SoC/comfort limits) - the
detailed definition is included in section 3.2.4,
e Portfolio or site-level limits (e.g,, feeder cap, total site rating),
e Delivery balance: aggregate dispatch must match the required flexibility profile, or deviations
are penalized.
The primary objective of the optimal selection algorithm is to minimize the total delivery cost of
flexibility over the optimization horizon.
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Where ¢;, represents the per-asset activation cost, x;, the dispatch set-point and s, any shortfall in
meeting the requested activation.

3.2.2High-level algorithm overview

The operation of the optimal selection algorithm can be summarized as a sequence of steps that are
repeated for each window in the rolling horizon. Figure 8 illustrates the workflow at a high level,
showing how candidate solutions are generated, evaluated, evolved, and ultimately applied in real
time.
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Figure 8: High-level GA workflow

The main steps are as follows:
1. Generate initial population:
A population of candidate dispatch plans (assets x intervals in the look-ahead window) is
created. The initial population consists of a simple merit-order plan and several randomly

generated feasible plans, each of which is repaired to respect basic technical limits before
evaluation.

2. Fitness evaluation:
For each candidate plan, feasibility is enforced by clipping set-points to instantaneous caps
and device rules (e.g., SoC, comfort bands, timers, ramp rates). Within each interval, the plan
is repaired to match the requested total where possible; if capacity is insufficient, set-points
are left at caps and the resulting shortfall is recorded. Fitness is then calculated as the total
delivery cost over the window, including any shortfall penalties.
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3. Select parents

Candidate plans with lower cost are more likely to be chosen as parents, typically through
tournament selection, while maintaining sufficient diversity in the population.
4. Generate offspring

e Crossover: Parents are recombined by exchanging coherent blocks of their encoding
(for example, swapping entire time blocks between plans or exchanging dispatch
vectors of certain assets) so that promising traits are inherited by the offspring.

e Mutation: Offspring are diversified by small random perturbations of set-points, such
as shifting power within feasible limits or toggling inclusion in a given interval. This
maintains diversity and encourages exploration of new solutions.

5. Constraint handling and repair
After crossover and mutation, each new individual is passed again through the repair
procedure to ensure that technical constraints are satisfied and that the per-interval flexibility
target is met where possible (or the shortfall clearly recorded). This guarantees that the
evolving population remains valid or near valid.

6. Form new generation
A new population is formed from the selected parents and the newly created offspring,
balancing the retention of strong solutions with the introduction of new variations.

7. Stopping criterion
The cycle of evaluation, selection, crossover, mutation, and repair continues until the
generation budget is reached or improvements plateau. The best candidate plan for the
window is then selected.

8. Dispatch & roll
Only the first interval of the best plan is executed. Asset states (e.g.. SoC, temperatures,
timers) are updated, the horizon is shifted forward by one interval, inputs are refreshed, and
the procedure restarts from step 1.

3.2.3Cost modelling

Aggregators, or flexibility service providers (FSPs), derive their revenues by coordinating a portfolio
of DERs and offering flexibility services in different markets. Typically, they are compensated through
two main payment streams:
¢ Utilisation payments, received per MWh of flexibility actually delivered during events.
e Availability payments, received per MW of capacity made available for activation,
depending on the market product.
Once revenues are received, they are shared with asset owners according to different remuneration
models:
¢ Pay-for-performance: compensation linked to both availability and actual delivery,
sometimes including bonuses or penalties based on quality.
¢ Revenue share: asset owners receive a share of the aggregator's market revenues,
sometimes combined with shared-savings clauses (e.g., when flexibility lowers electricity
bills).

29



D4.4 Optimal selection of available flexibility v2

e Tariffed incentive: a simple fixed €/kWh rate for delivered flexibility, often used for
residential assets.
These practices highlight that flexibility provision is not free: every activation has a cost, whether in
energy terms, equipment wear, lost opportunities, or administrative overhead. To operate profitably
and sustainably, an aggregator must therefore optimize not only its bidding strategy but also its
activation decisions at delivery time.
In practice, activation costs can be defined in several ways. In some cases, contracts directly specify
a simple activation cost per kWh, or a time-dependent tariff (for example, curtailing a heat pump
when the building is unoccupied may be priced lower than during occupied hours). However, this
approach is not common for low-capacity, residential-type assets, where explicit cost contracts are
rarely used. Instead, it becomes essential for the aggregator to model activation costs internally in a
way that captures the real technical and economic impacts of dispatch. This provides a consistent
basis for optimization and ensures that the algorithm's decisions align with both profitability and user
acceptance.
To capture these incremental costs in a consistent way, we introduce the concept of Short-Run
Marginal Cost (SRMC). SRMC represents the true per-asset, per-interval cost of delivering flexibility
and forms the basis of the optimization in our algorithm. In essence, the algorithm selects in each
interval the combination of assets with the lowest SRMC, ensuring that the required flexibility is
delivered at minimal cost while preserving asset owner value. This approach mirrors the well-
established merit order principle used in wholesale energy markets.
SRMC is defined as:
SMRC;, = A, +Aje + O;r + Ry + F

where the components are:

e Energy price differential (A4;,): This term captures the cost or benefit of shifting energy in
time relative to a baseline. For loads, it reflects whether consumption is moved into more
expensive or cheaper price periods. For storage, it accounts for the net cost of discharging
now and recharging later, including efficiency losses. Because energy costs are typically
settled outside of local flexibility markets, this term is central to ensuring that dispatch
decisions do not unintentionally increase energy bills or imbalance costs.

o Degradation and wear (4; ). DERs are not cost-free to use indefinitely. Every battery charge-
discharge cycle contributes to capacity fade, and EV discharges for grid services may
accelerate battery aging. This degradation can be monetized as a cost per kWh, derived from
the asset's replacement cost and expected cycle life. By including it explicitly in SRMC, the
algorithm avoids over-using assets in ways that harm long-term value and ensures that
activations only occur when revenues exceed wear costs.

e Opportunity and comfort penalties (0, ,): Many flexible assets have implicit “soft" costs tied
to user satisfaction or foregone opportunities. For HVAC, excessive curtailment may lead to
discomfort if temperatures drift outside acceptable ranges. For EVs, flexibility may risk
insufficient charge for mobility needs; for PV, curtailment reduces export revenues. By
assigning a penalty value to such situations, SRMC internalizes user-facing impacts and
ensures that the optimization balances financial gains with continued customer acceptance.

e Forecast uncertainty cost (R;,): Inaccuracies in forecasting the baseline operation of small-
scale flexibility assets introduce a risk of non-delivery and potential imbalance costs. This
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component reflects the historical forecasting performance of each asset, assigning higher
marginal costs to those with greater baseline uncertainty. By incorporating this factor,
optimization naturally favors assets with more reliable forecasts, reducing operational risk
and improving delivery consistency.

e Fixed and administrative costs (F;): Beyond energy and wear, each activation carries
overheads such as telemetry, validation, platform fees, or contractual transaction costs.
These may be modest on a per-activation basis but are significant when scaled across large
portfolios or frequent activations. Incorporating them into SRMC guarantees that revenues
cover both the direct and indirect costs of flexibility provision, ensuring profitability and
sustainability of aggregator operations.

3.2.4 Per-asset models (technical constraints and SRMC)

The genetic algorithm seeks to minimize the cost of delivering flexibility, but it can only do so within
the technical capabilities of the underlying assets. Each resource type has its own physical and
operational limits that define when and how it can provide upward or downward flexibility. These
feasibility constraints are expressed as per-interval caps on activation, derived from asset baselines,
internal states (e.g. state of charge or indoor temperature), and device-specific rules such as timers
or ramp limits. In the optimization loop, candidate schedules are always clipped and rescaled against
these caps during the repair step, ensuring that dispatch plans remain realistic and implementable.

At the same time, the optimizer must weigh the SRMC of activating each asset. SRMC translates the
economic and technical side-effects of flexibility into a €/kWh value per asset and interval. It
accounts for avoided or incurred energy costs (based on the day-ahead price curve, except for PV
where a fixed feed-in tariff is used), degradation and wear, opportunity or comfort penalties, and
administrative overheads. This allows the algorithm to prefer assets that are not only technically able
to respond, but also cheapest when all relevant costs are considered.

In practice, the GA operates on three layers of information per asset:
e Availability mask qa;,: a binary signal indicating whether the asset is controllable/available in
agivenslot t.If a;, = 0, the asset is excluded in that slot.
e Feasibility caps p;;: the maximum activation an asset can deliver in slot t, ensuring
compliance with physics and user limits
e Marginal costs c; ;. the €/kWh value associated with that activation, which shapes the fitness
function.
Together, these three layers define the feasible set F; ;. The following sub-sections describe for each
asset type both the technical constraints, as well as the SRMC model that quantifies their costs.

3.2.4.1 EV chargers

EV chargers provide upward flexibility by curtailing charging relative to the expected baseline
demand. They cannot export power (no V2G), so their only option is to reduce consumption when
requested.
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Feasibility caps
The feasible upward activation p,? at slot ¢ is limited by the forecasted baseline demand b£Y. In case
the charging site is unavailable, the cap is equal to 0.

bE",if available at t

0<p’* < {
Pt 0, otherwise

The device setpoint (charging limit) applied to the chargers is:
u, = max {0,bf" —p}”}
Where:
e Baseline forecasted charging demand b, [kW] per slot
e Availability mask € {0,1} per slot (indicating if the charging location is present and controllable

in slot t).

SRMC model

The EV SRMC captures the balance between immediate energy savings from curtailment and the
future cost of recharging that energy, along with forecast uncertainty and administrative overheads.
The SRMC for EV chargers consists of the following components:

e Energy term: Avoided energy purchase at the DA price Af”y, which represents the immediate
cost saving achieved by curtailment.

e Opportunity term: Reflects the cost of recharging later. When charging is curtailed now, the
same energy must be refilled later at a representative future price v,..g;;;. This value is taken
as low-percentile reference of the DA price curve within a fixed look-ahead window. The term
is scaled by the charging efficiency n.,4 to account for energy losses.

1

Opvt = — Vrerint
nchg

e Forecast uncertainty term (Ry, ,): Adjustment that accounts for baseline prediction errors. It
is defined as:
Reve = Yev " Opv
where agy, is the historical baseline error and yg, a €/kWh scaling factor.
¢ Administrative term (F;): Fixed activation-related costs, including telemetry, validation, and
platform fees.

Together they form:

b
e’ = =" + Ogye + Ryt + Fey

3.2.4.2 Battery Energy Storage Systems (BESS)

BESS can provide both upward flexibility (by discharging) and downward flexibility (by charging). In
the implementation, the direction is fixed for each optimization window via a mode flag. The activation
variable is always non-negative, and the signed setpoint is derived internally depending on whether
the mode is “up” or “down.”

Feasibility caps
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For each slot t, feasible activation is limited by both instantaneous power limits and the available
state of charge (SoC).
e Up mode (discharge)
e’
t

Nais

max Ee = E™™ i

0 <p,? <min {Pdis , v At

}i Eiyn =E;—

e Down mode (charge)
(E™> — E,)

0 < pfo" < min{ Thax Y
chg

chg }; Eipn=E + pgownnctht

Where:
e Initial energy state E, [kWh] with SoC bounds SoC™" and SoC™4,
e Power limits Piag", Pgis [KWI.
o Efficiencies nepg, nais € (0,1].

Additionally, availability can set the cap to zero for selected slots (the BESS not available, or out of
order). Conservative forward projection shrinks future caps if energy is scheduled early, preventing
infeasible SoC later in the window.

SRMC model
The BESS SRMC balances instantaneous energy prices, future opportunities, degradation costs, and
administrative overheads.
e Energy term: current day-ahead buy price A’t’”y
e Opportunity term: explicit look-ahead comparing current action with expected future prices
0 Ve lOw future buy reference (minimum or low percentile) for recharge after
discharge
0 Vg high future sell reference (maximum or high percentile) for resale after charging
Both are computed from the DA price curve
o The opportunity terms are scaled by the round-trip efficiency r = n¢,4nqis Since
energy lost in the cycle must be accounted for.
e Degradation term c,,,: constant cost, which is added to both charge and discharge. It reflects
the wear and lifetime reduction from cycling.
e Administrative term Fy¢: fixed costs for telemetry, validation etc.

Formulas:
e Discharge (upward flexibility)

BESS,u;
c P =

1
buy
¢ ¢ T = Vresil + Caeg + Fpiss

e Charge (downward flexibility)

BESS,down __ Abuy
-t

Ct — T Vsen + Cdeg + FBESS

3.2.4.3 PV generation

PV can provide downward flexibility by curtailing active power relative to the PV baseline forecast.
Feasibility caps
Maximal curtailment at timeslot ¢t equals the PV baseline forecast b":
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0< péiown < b:’V
The applied setpoint is then:

ug = bfY — pie
Key parameters:

e PV baseline b [kW] per slot (production forecast).

SRMC model
Curtailing PV generation in slot t means forfeiting export revenue at that time. This is treated as a
positive cost equal to the feed-in tariff (FIT) or selling price for that slot. The PV system provides only
downward flexibility (curtailment), and no upward action is possible.
The SRMC for PV consists of the following components:
e Energy term: Lost export revenue, represented by the FIT or the time-dependent sell price
OPV,t'
e Forecast uncertainty term R, ,: Reflects the deviation between forecasted and actual PV
generation due to weather variability. It is defined as:
Rpyt = Vpv " Opy
where apy is the historical baseline error and yp, a €/kWh scaling factor.
¢ Administrative term F,,: Fixed costs related to control, monitoring, and verification of
activation.
The SRMC expression is therefore defined as:

cf¥ = Opy¢ + Rpyr + Fpy

3.2.4.4 HVAC systems

HVAC units provide upward flexibility by curtailing consumption relative to a baseline (e.g., relax
cooling/heating) and downward flexibility by boosting consumption (e.g., pre-cool/pre-heat). All
actions are baseline-relative.

Feasibility caps

We enforce feasibility through two guard types that are evaluated every slot in the rolling window:

Timer/budget guard (meant for equipment protection)

e min_on and min_off (slots): once the unit turns ON (or OFF), it must remain in that state for at least
the specified number of slots (this prevents short cycling)

e starts_per_hour (in the rolling window): limit how many ON switches are allowed per hour

e events_per_hour (in the rolling window): limit the number of flexibility events per hour

Thermal guard (comfort preservation)

Here we include a simplified first-order thermal model to preview the next slot indoor temperature

and adapt the caps so that any chosen activation cannot violate the comfort band on the next step.

The model is defined with the following term:

T =T +a(Tf —T) £ b s,
Where:
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e T, isthe indoor temperature ['C] (measured or simulated)

e TP2U the outdoor temperature ['C] (forecast)

e a €[0,1]is the reversion toward outdoor per slot.

e b > 0isthe temperature effect per slot at full power (sign depends on heating or cooling)

®  Pm isthe nominal electrical power [kW]

HVAC
e s, =2 €]0,1] is the normalized power.

Pnom
e The last term depends on the mode (heating/cooling): minus for cooling mode (increasing
power lowers T), plus for heating mode (increasing power increasing T)

The comfort band limits are defined as (calculated for the next step):
Tmin < Tt+1 < Tmax

Where T™" and T™* are the lower and upper limits of the temperature comfort band.

SRMC model
The HVAC SRMC combines two main terms:;
1. Energy price term

energy, = {—Azuy; if UP (discharge)

+2."Y;if DOWN (charge)

2. Linear comfort term
This term encourages the algorithm to not push the indoor temperature towards the limits of the
comfort band, based on this it either applies a penalty or reward based on the direction the activation
pushes the temperature. The comfort band is defined via minimum and maximum temperature T™"
and T™#, From this the midpoint can be calculated:

1 .
Tmid — z (Tmax + Tmm)
And the half-width of the band:

1 ;
= _ (T™max _ Tmin
w=2( )

e define a hormalized deviation from comfort as:

In practice this means in the band center T,,;4. z: equals 0 and increases up to 1 to both limits. We
determine whether a candidate activation pushes the indoor temperature towards or away from the
midpoint. The direction of the temperature effect depends on both the thermal mode and the service
requested. In cooling mode, curtailment (UP) reduces cooling and therefore raises indoor
temperature, whereas boosting (DOWN) increases cooling and lowers it. In heating mode, curtailment
reduces heating and lowers indoor temperature, whereas boosting increases heating and raises it.
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Based on this, effect_sign is defined, which is +1 if the action moves temperature away from comfort
and -1 if it moves towards. Then:
o If effect_sign-z, > 0; action is pushing the T away from midpoint/comfort -> the term
becomes a penalty
o |If effectggy -2z, <0, action is pushing the T towards the midpoint/comfort -> the term
becomes a reward (negative cost)
o Ifz, =0, comforttermis o

To scale this, we define:
M =k-|z]

Where k is a tuning parameter in €/kWh, which defines the slope of the comfort penalty. Then:

+M;if action moves away from Tp,;q
comfort term = { —pM; if action moves towards Tp,;4
0; if neutral

Where p € [0,1] is a reward factor that limits how much credit the optimization can get for comfort
improving activities.

3. Forecast uncertainty term

To account for potential deviations between the forecasted baseline consumption and actual load, a
forecast uncertainty cost is also included. It is defined as:

Ruvace = Yuvac ® Onvac
Where yuvac is the historical baseline error factor and oy 4¢ the cost scaling factor.

Putting all this together we get:

avac —Afuy + comfort term + Ryyact + Fuvac; if curtail (UP)

c =
‘ {+Afuy + comfort term + Ryyac: + Fuvac; if boost (DOWN)

Regarding the SRMC, the HVAC combines a price term with a directional comfort term, as well as the
admin costs. The comfort term is signed - it can either be a penalty (positive cost) if the chosen
direction of activation would push the temperature nearer to the limit of the comfort band and a
reward (negative cost). For this a linear model is used to generate the cost inside the comfort band
for both directions. The term for both upward and downward direction is the following:

b .
VA = £ 2" + dirgign X M(2,%,0) + Ryvace + Fuvac
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3.3 Algorithm implementation

The optimal selection algorithm is implemented in Python, making use of DEAP for the evolutionary
processes together with standard scientific libraries such as NumPy and pandas. The design is
modular, with a clear separation between the optimization core, the technical models of the assets,
and the cost modelling layer.

Each controllable device type is represented as a standalone class. These classes encapsulate both
the technical constraints of the asset and the evolution of its internal state during operation. For
example, the BESS class tracks the state of charge, enforces charge and discharge limits, and
provides the maximum feasible flexibility available in each slot. This approach ensures that after each
simulation, the full operational history of every asset can be retrieved and analyzed.

Each asset class also handles its availability state, which is represented as a binary (or fractional) mask
indicating whether the asset is controllable in a given slot. If an asset becomes unavailable (due to
disconnection, maintenance, or local constraint violation) its feasible power cap is automatically set
to zero. This behavior allows the simulation to represent realistic operational conditions, such as
temporary dropouts or communication failures, without modifying the optimization logic. In a real
deployment, this mechanism would operate continuously in real time as new telemetry data arrive;
in the current implementation, it is simulated within each rolling-horizon step.

Because the interface between the optimizer and the assets is standardized, new device types can
be added without altering the core algorithm—only the corresponding class needs to be defined.

On the cost side, a separate modelling layer computes the SRMCs for each asset and interval,
producing cost matrices for upward and downward flexibility. These values serve as the main
optimization input and ensure that all decisions reflect not only energy prices but also degradation,
comfort penalties, and administrative overheads. The decomposition of SRMCs by component is also
logged, enabling later diagnostic and sensitivity analysis.

The optimization itself is carried out with a genetic algorithm operating on a rolling look-ahead
window of discrete intervals. Each candidate solution is encoded as a matrix of dispatch setpoints
across assets and slots. The initial population is seeded with a mix of merit-order heuristics and
random feasible schedules. Through successive generations, individuals are evaluated on the basis
of their total cost over the window, and standard evolutionary operators such as selection, crossover,
and mutation are applied to explore the solution space. After each operation, schedules are repaired
against the technical caps published by the assets so that feasibility is always preserved.

A rolling-horizon approach is employed to maintain adaptability. In each iteration, the optimizer plans
over a horizon of several slots, but only the first interval of the best schedule is dispatched. Asset
states are then updated, the horizon is shifted forward by one slot, and the process repeats with
refreshed data. This design allows the algorithm to incorporate updated information on availability,
forecasts, and prices in real time while keeping problem complexity manageable.
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The algorithm requires several inputs to run:

the time discretisation (slot length, e.g. 15 minutes),

the look-ahead horizon length (number of slots optimized at once),

the day-ahead price curve (used for energy valuation), and

the flexibility request profile, specifying how much upward or downward flexibility must be
delivered in each slot.

In addition, the optimization itself is controlled by several parameters that influence search behaviour

and performance:

the population size (number of candidate solutions per generation),

the number of generations (iterations before termination),

the selection rule (e.g. tournament size), and

the crossover and mutation probabilities, which regulate the balance between exploitation
and exploration.

By adjusting these parameters, a trade-off can be struck between computational speed and solution

quality. Smaller populations and fewer generations are sufficient for simple portfolios, while larger

and more diverse portfolios benefit from broader search to avoid premature convergence.

The implementation is intended as a flexible testbed. By varying portfolio composition, price

conditions, or GA parameters, a wide range of scenarios can be simulated. The resulting dispatch

schedules, asset state trajectories, and cost outcomes provide a basis for assessing the robustness

of the algorithm and for comparing its behavior under different operating conditions.
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3.3.1 Practical example of algorithm operation

To illustrate the operation of the optimal selection algorithm, a practical example has been
implemented and tested. The scenario simulates the coordination of a small portfolio consisting of
four different assets: an EV charging site, a PV installation, a BESS, and a HVAC load.

The algorithm is executed over a four-hour horizon with 15min intervals (together this means 16 time
slots). The flexibility request profile alternates between upward and downward flexibility testing the
system's ability to adapt to changing requirements and portfolio conditions.

Each asset is defined by technical and cost-related parameters:
1. EV charging site can provide upward flexibility by curtailing charging relative to its baseline
charging demand profile.
¢ Technical parameters: The baseline profile is provided as input, which varies between 0
and 25 kW.
¢ SRMC parameters are presented in Table 5.

Table 5: Practical example, SRMC parameters for EV asset

Energy price differential (A4; ) e benefit of avoided purchase —12*Y

Degradation and wear (4;,) /

Look-ahead window N=16 slots
Percentile low=0.10
®  Tepg = 0.95.

Opportunity and comfort penalties (0;,)

Forecast uncertainty cost (R; ;) Baseline error factor gz, = 0.2

e Scaling factor yg, = 0.036 €/kWh

Fixed and administrative costs (F;) e Administrative term Fg, = 0.01 €/kWh

2. PV unit can offer downward flexibility by limiting the generation output.

o Technical parameters: the PV forecasted baseline follows a bell-shaped production
curve with a peak near 50 kW. The maximum curtailment in each slot equals the
forecasted baseline.

¢ SRMC parameters are presented in Table 6.

Table 6: Practical example, SRMC parameters for PV asset

Energy price differential (A4;,) /
Degradation and wear (4;,)

Opportunity and comfort penalties (0;,)

Lost export revenue, 0;, = 0.08 €/kWh

Forecast uncertainty cost (R; ;)

Baseline error factor gp, = 0.1
e Scaling factor yp, = 0.036 €/kWh

Fixed and administrative costs (F;) e Administrative term Fp, = 0.01 €/kWh

3. BESS provides flexibility in both directions
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e Technical parameters:
Rated capacity: 100 kWh

Efficiency: 95%
Initial SoC. 60%
SoC limits: 20%-95%

O O O O O

Charge/discharge power limit: 30 kW

D4.4 Optimal selection of available flexibility v2

¢ SRMC parameters are presented in Table 7.

Table 7: Practical example, SRMC parameters for BESS asset

Energy price differential (A4;,)
Degradation and wear (4;,)

Opportunity and comfort penalties (0;,)

Forecast uncertainty cost (R;,)

Fixed and administrative costs (F;)

Current DA buy price 22

Degradation c4eq = 0.03 €/kWh

Look-ahead window N=16
Percentiles: low=0.1 (buy), high=0.9 (sell)

Administrative term Fgggs = 0.01 €/kWh

4. HVAC represents a thermally flexible load, which is able to change consumption relative to
the baseline, providing both upward and downward flexibility.

e Technical parameters:

o Mode: cooling (external temperature profile included as input)

o Comfort band: 21-24 °C

o Thermal coefficients: reversion factor a = 0.1, temperature effect b = 0.5 °C/slot at

full power.
o Nominal electrical power: 15 k\W/

o Baseline profile provided for the simulated period (peaking at 12 kW)
o Limits for short-cycling; the device can be toggled ON/OFF twice per hour.
¢ SRMC parameters are presented in Table 8.

Table 8: Practical example, SRMC parameters for HVAC asset

Energy price differential (A4;,)

Degradation and wear (4;,)

Opportunity and comfort penalties (0;,)

Forecast uncertainty cost (R; ;)

Fixed and administrative costs (F;)

N

22 (up)
27 (down)

comfort weight k = 0.08 €/kWh
Soft band half-width 0.5 °C
Outside-band adder 0.20 €/kWh
Reward factor 1.0

Baseline error factor oyyac = 0.12

Scaling factor yyyac = 0.036 €/kWh
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The algorithm operates with a time resolution of 15 minutes and a rolling horizon of four slots (one
hour). A non-delivery penalty of 50 €/kWh is applied to ensure full delivery when feasible. The main
genetic algorithm parameters are:

e random seed = 42,

e population size = 30,

e generations = 40,

e crossover probability = 0.9,

e mutation probability = 0.2, and

e tournament size = 0.3.

At each iteration, the optimizer determines the direction of required flexibility (up or down), generates
the SRMC matrices and searches for the least-cost feasible combination of assets over the horizon,
Only the first step of the plan is executed, after which the window moves forward and all asset states
are updated.

Figure 9 below shows the total activations of all assets over the simulated horizon. The solid and
dashed black lines represent the required upward and downward flexibility targets, respectively,
while the coloured bars display the contributions of individual assets. Positive values indicate upward
flexibility (increased generation or reduced consumption), whereas negative values represent
downward flexibility (increased consumption or curtailed generation).

The flexibility request begins with an upward activation phase, switches to downward activation in
the middle of the horizon, and returns to upward flexibility in the final slots. The BESS provides the
largest share of flexibility in both directions, consistent with its technical capability of delivering up to
+ 30 kW. During upward activation, additional support is provided by the EV site, which reduces
charging, and the HVAC system, which temporarily curtails cooling. During downward activation, the
BESS absorbs energy through charging, complemented by periods of PV curtailment in the
beginning and increased HVAC consumption.
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Signed stacked activations by asset

Reqg-UP (kW)
Req-DOWN (kW)
EV Site

PV _Roof

Battery
Office_AC

Activation (kW)
N

t (slot)

Figure 9: Algorithm results - signed stacked activations by asset

The operation of the BESS over the same horizon is shown in Figure 10. The blue bars denote

activation power (positive = discharge, negative = charge), while the green line tracks the SoC. The
red dashed lines mark the lower and upper SoC bounds.
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Figure 10: BESS activations and SoC evolution

In the first phase, the battery discharges to provide upward flexibility, gradually reducing its SoC.
Once the direction of activation changes to downward flexibility, the BESS charges and its SoC
increases. In the final upward phase, the BESS discharges again, returning toward its initial SoC. The
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SoC remains consistently within the defined limits, confirming that the algorithm enforces feasibility
at each step.

Figure 11 illustrates the operation of the HVAC unit. The blue line shows the baseline electrical
consumption, the orange line the optimized setpoint, and the blue bars the flexibility activations
(positive for curtailment, negative for boost). The green line represents indoor temperature evolution,
bounded by the comfort limits shown in red dashed lines.

Office_AC: baseline, setpoint, flex, and temperature
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Figure 11: HVAC baseline, setpoint, flexibility, and indoor temperature

When upward flexibility is required, HVAC power is curtailed, causing a rise in indoor temperature.
When downward flexibility is required, additional cooling is applied, leading to a temperature
decrease. Throughout the entire period, the indoor temperature remains within the comfort band,
demonstrating that the one-step thermal preview successfully restricts feasible activations to
prevent comfort violations.

Figure 12 shows the SRMCs calculated dynamically for each asset and interval, separated into
upward and downward flexibility directions. These SRMCs integrate energy market prices with the
predicted states of each asset, determining the relative attractiveness of activation.

In the upward flexibility subplot, three assets are shown: the EV charging site, the BESS, and the HVAC
unit. The EV site and BESS exhibit similarly shaped SRMC curves, as both combine the immediate
energy price effect with a forward-looking opportunity term that reflects the cost of recharging later.
The EV site maintains slightly lower SRMC values across the horizon, primarily because its forecast
uncertainty component is smaller than the BESS degradation term. The HYAC SRMC shows stronger
variation, rising as the indoor temperature approaches the upper comfort limit and the comfort
penalty increases. In the early slots, the algorithm relies more on HVAC and EV curtailment due to
their lower costs, but as the required flexibility volume is high, it fills the remaining portion with BESS
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activation. Toward the end of the horizon, when the BESS SRMC drops below that of the HVAC, the
algorithm again prioritizes BESS for upward flexibility provision.

UP SRMC (£/kWh)

0.025 4
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—0.075 4 UP assets
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Figure 12: SRMC values for upward and downward flexibility by asset

In the downward flexibility subplot, the PV system maintains a constant SRMC equal to the feed-in
tariff, since each curtailed kilowatt-hour represents a fixed opportunity loss. The BESS and HVAC
curves, however, show more dynamic behavior. For the BESS, SRMC variations are primarily driven
by the combined effect of the instantaneous energy term and the future opportunity term. The BESS
SRMC remains mostly below those of PV and HVAC, crossing the PV level between time steps 4-7,
when short-term price dynamics temporarily reduce its relative attractiveness. The HVAC SRMC,
meanwhile, declines around step 7 as additional cooling becomes beneficial for restoring comfort,
making downward activation more appealing.

This simplified test case demonstrates the end-to-end functioning of the optimal selection algorithm
on a manageable example where results can be easily interpreted. The behavior of each asset type
and the resulting dispatches align with the expected economic and technical logic: SRMC-driven
prioritization, state-dependent feasibility, and comfort constraint enforcement.

An important observation from the test is the strong influence of the SRMC parameters (especially
those defining degradation and forecast uncertainty terms) on how assets are prioritized. In practice,
these parameters would need to be carefully calibrated and continuously updated by the aggregator
or FSP to reflect real operating conditions, asset reliability, and market context. For instance, regularly
adjusting the forecast uncertainty term based on recent performance would naturally steer the
algorithm toward the most reliable and predictable resources, improving overall delivery quality.
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In future work, the algorithm will be evaluated on larger and more complex portfolios that include a
greater variety of assets. Special attention will be given to parameter sensitivity, computational
scalability, and execution time, to assess how the algorithm performs as problem dimensionality
grows. Evaluating the trade-off between solution quality and computational effort will be essential to
determine its suitability for real-time deployment. These tests will ensure that the algorithm remains
both robust and practical for real-world flexibility management and market participation.
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4 Conclusions

This document presents the work performed during the second phase of Task 4.4: Optimal Selection
of Available Flexibility, focusing on the development, implementation, and demonstration of
algorithms that support aggregators and FSPs in optimizing the use of distributed flexibility resources.
Building upon the forecasting and flexibility modelling work from the first phase, the activities
described in this report complete the methodological framework by introducing the decision-making
tools that enable practical utilization of flexibility in real or simulated market environments.

The first part of the work focused on the Optimal Market Selection Algorithm, which evaluates the
participation potential of distributed flexibility resources across different market environments. The
algorithm quantifies the economic benefits of participating in various market products, including day-
ahead, intraday, and ancillary service markets, while considering technical limitations and regulatory
requirements. The results obtained using real data from AVANTCAR's EV charging stations confirm
that strategic market participation, particularly the combination of day-ahead optimization with
ancillary services, can enhance aggregator revenues while maintaining operational feasibility.

As a complementary component of this framework, a tariff-optimization sub-algorithm was
developed in collaboration with Amibit. This module demonstrates how similar optimization
principles can be applied at the household level through the Reduxi HEMS platform to reduce
electricity costs and avoid power-exceedance penalties under the new Slovenian dynamic network-
tariff system.

In the second part the Optimal Selection Algorithm is presented, which addresses the internal
activation process of an aggregator once a flexibility request has been received. Implemented as a
rolling-horizon genetic algorithm, it identifies the least-cost feasible combination of resources that
can deliver the requested flexibility while ensuring compliance with all technical and operational
constraints. The algorithm integrates detailed models of asset behavior and cost through short-run
marginal cost (SRMC) formulation, allowing dynamic and cost-based coordination of heterogeneous
flexibility resources. A demonstration case with a simplified portfolio confirmed that the algorithm
operates as expected, efficiently balancing technical feasibility, cost efficiency, and adaptability.

Together, these developments form a comprehensive framework for the optimal management of
distributed flexibility—from identifying profitable market opportunities to determining how individual
assets should be activated and how household-level flexibility can be leveraged to deliver value to
both users and the grid.
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5.2 Acronyms

Table 9: Acronyms

Acronym | Meaning

aFRR
BESS
DA
DER
DNN
DSO
EV
FSP
GA
HEMS
HP
HVAC
ID
mFRR
PV
SRMC
TSO

automatic Frequency Restoration Reserve
Battery Energy Storage System
Day-Ahead

Distributed Energy Resources

Deep Neural Network

Distribution System Operator

Electric Vehicle

Flexibility Service Provider

Genetic Algorithm

Home Energy Management System
Heat Pump

Heating, Ventilation and Air-Conditioning
Intraday

manual Frequency Restoration Reserve
Photovoltaic

Short Run Marginal Cost

Transmission System Operator
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