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Abstract - The energy system is undergoing rapid 

transformation driven by widespread electrification and 

increased integration of distributed generation. In this context, 

flexibility is quickly gaining importance as a means for 

ensuring secure and cost-effective grid operation. Aggregators 

play a central role in enabling market participation of small-

scale assets by pooling distributed resources and offering their 

combined flexibility into markets that individual assets could 

not access on their own. Responding to a flexibility request 

requires translating a market-level signal into asset-level 

setpoints that respect technical constraints under uncertainty, 

while minimizing activation costs. Within the OPENTUNITY 

project, we address this challenge with a rolling-horizon 

genetic algorithm that identifies the lowest cost feasible 

combination of assets to deliver the requested flexibility. The 

algorithm integrates a unified cost modelling framework 

capturing energy price impacts, asset degradation, user 

comfort, and forecast uncertainty, combined with real-time 

feasibility checks of asset operational limits. Results across 

multiple portfolio configurations confirm the practical 

relevance of the approach for realistic aggregator use cases in 

developing flexibility markets. 

Index Terms - Flexibility, Aggregators, Disaggregation, 

Genetic algorithms 

I. INTRODUCTION 

The ongoing energy transition, characterized by rapid 
electrification of transport and heating and increasing 
penetration of distributed generation, is fundamentally 
changing the structure of electricity demand and supply. This 
shift introduces new challenges for grid operators, who must 
balance a system with growing shares of intermittent and 
distributed resources. Flexibility, meaning the ability of assets 
to adjust their consumption or generation in response to external 
signals, is increasingly recognized as a key tool for maintaining 

this balance efficiently and cost-effectively, reducing the need 
for costly infrastructure upgrades or conventional reserve 
capacity [1]. Emerging flexibility markets, at both transmission 
and distribution level, are creating new monetization 
opportunities for owners of small-scale assets such as electric 
vehicle (EV) charging stations, heat pumps (HPs), photovoltaic 
(PV) systems, and battery energy storage systems (BESS). 
However, individual assets are typically too small to meet 
minimum bid sizes or independently fulfill the technical 
requirements of these markets. There are also legal and 
contractual barriers to consider. Aggregators address all the 
barriers by pooling large numbers of distributed assets and 
jointly offering their aggregated flexibility, effectively acting as 
intermediaries between asset owners and system operators. The 
aggregator's operational workflow spans several stages, from 
portfolio onboarding and forecasting through bid formation to 
real-time activation and settlement. The most operationally 
demanding of these is the activation stage: upon receiving a 
flexibility request, the aggregator must disaggregate the 
market-level signal into per-asset setpoints that collectively 
deliver the required amount of flexibility. This disaggregation 
must respect technical constraints, preserve user comfort, and 
minimize activation costs while managing forecast uncertainty. 
As portfolio size and asset diversity grow, the problem becomes 
increasingly combinatorial and difficult to solve in real time 
with classical optimization methods. 

II. RELATED WORK 

Coordinating distributed flexibility resources for market 

participation has been studied from several angles. 

Frameworks for representing and aggregating the flexibility of 

heterogeneous assets (such as zonotopic or polyhedral 

formulations) provide rigorous ways to characterize the 

feasible flexibility set of a portfolio and derive disaggregation 

mappings from portfolio-level decisions to device-level 

setpoints [2]. Multi-objective disaggregation approaches 



 

further extend the latter by distributing flexibility across assets 

while balancing competing objectives such as cost, comfort, 

and reliability [3]. Reviews of flexibility products and local 

markets highlight the growing role of aggregators as 

intermediaries and the practical challenges of coordinating 

many small assets under evolving regulatory frameworks [4], 

[5], [6].  Optimization methods for distributed energy 

resources (DER) range from exact formulations to 

metaheuristics. Mixed-integer and convex programming 

approaches can provide optimality guarantees but scale poorly 

when asset types are heterogeneous, constraints are nonlinear, 

or the model must be updated as new devices are added. 

Stochastic and robust methods explicitly model forecast 

uncertainty and offer recourse at the cost of increased 

computational complexity [7]. In contexts where the problem 

is non-convex or involves mixed decision spaces, 

metaheuristic methods such as genetic algorithms (GAs) offer 

greater modelling flexibility and can handle heterogeneous 

constraints naturally, at the cost of losing formal optimality 

guarantees. Rolling horizon formulations address the need to 

balance foresight with real-time responsiveness by repeatedly 

solving a short-horizon subproblem as new information 

becomes available [8], [9]. This structure has been applied to 

microgrid scheduling, demand response, and stochastic energy 

management, and is well-suited to flexibility disaggregation 

where asset states evolve continuously and forecasts are 

updated at each step. However, existing rolling horizon 

approaches typically assume homogeneous asset types, fixed 

cost structures, or tractable problem formulations, and do not 

address the combined challenge of heterogeneous assets, 

dynamic internal cost modelling, and comfort-aware feasibility 

enforcement that arises in realistic aggregator portfolios. This 

paper addresses the identified gap by proposing a rolling-

horizon genetic algorithm with a unified marginal cost 

framework that handles all of the highlighted aspects jointly. 

III. METHODOLOGY 

A. Problem formulatiom 

An aggregator participating in flexibility markets 

coordinates a portfolio of heterogeneous DERs, each with 

different technical capabilities, operational constraints, and 

cost structures. When a flexibility request arrives, specifying a 

required power profile over a delivery horizon, the aggregator 

must determine which assets to activate, at what power, and in 

which time slots, in a way that their combined output matches 

the requested profile at minimum cost. This is the flexibility 

disaggregation problem. The decision variables are the per-

asset dispatch flexibility magnitudes 𝑥𝑖,𝑡[𝑘𝑊] for each asset 𝑖 

and timeslot 𝑡, where the optimization horizon is divided into 

discrete intervals of length ∆𝑡. The primary objective is to 

minimize the total cost of delivering flexibility over the 

horizon 𝑊: 

min
𝑋

∑ (∑ 𝑐𝑖,𝑡 ∙ 𝑥𝑖,𝑡 ∙ ∆𝑡 + 𝐶𝑝𝑒𝑛(𝑠𝑡) ∙

𝑖∈𝐼

∆𝑡)

𝑡∈𝑊

 

Where 𝑐𝑖,𝑡 is the marginal activation cost of asset 𝑖 at slot 𝑡, 

and 𝐶𝑝𝑒𝑛(𝑠𝑡) penalizes any shortfall 𝑠𝑡 in meeting the 

requested activation. The solution must respect per-asset 

feasibility constraints (such as instantaneous power bounds, 

state-of-charge for BESS, availability windows and 

temperature limits), as well as portfolio-level delivery 

requirements. Several factors make this problem practically 

challenging. First, the portfolio is heterogeneous: assets differ 

in their flexibility direction and in how their internal state 

evolves over time — battery state-of-charge (SoC) and HVAC 

thermal dynamics both affect dispatch decisions across slots in 

ways that impact feasibility in subsequent intervals. Second, 

the combinatorial nature of the problem grows rapidly with 

portfolio size, making it non-trivial to solve in real time with 

classical methods. Third, activation costs are not directly 

observable and must be modelled internally by the aggregator 

to capture the true economic impact of each dispatch decision 

on energy costs, asset health, and user comfort.  

B. Optimal selection algorithm 

To address the flexibility disaggregation problem, we propose 

a rolling-horizon controller that embeds a GA as its core 

optimizer. At each decision step, the controller receives the 

current internal states of all assets, the flexibility request 

profile over a short look-ahead window, energy price forecasts, 

and per-asset cost parameters. It outputs a dispatch vector 

assigning a flexibility magnitude to each asset for the current 

slot, updates all asset states, and then repeats for the next slot. 

Rather than optimizing over the full delivery horizon at once, 

the controller operates on a rolling window of fixed length 𝑊, 

as illustrated in Fig. 1. At each step 𝑡1, the algorithm considers 

the flexibility request and the feasibility caps of all assets over 

slots 𝑡1through 𝑡𝑊, and searches for the least-cost dispatch plan 

across that window. Once the best plan is found, only the 

dispatch for the first slot 𝑡1is executed. Asset states are then 

updated, the window shifts forward by one slot to 𝑡2, and the 

process repeats with refreshed inputs. This receding horizon 

structure ensures that the controller always acts on the most 

current asset conditions and price information, while the look-

ahead window provides enough foresight to avoid locally 

greedy decisions that would be costly or infeasible in 

subsequent slots. 

 
Figure 1. Rolling horizon illustration 

Before the optimizer runs, per-slot feasibility caps 𝑝̄𝑖,𝑡 are 

computed for each asset, bounding the search space to 

activations each asset can physically deliver given its current 

state. Within each window, the search space consists of all 

feasible dispatch matrices 𝑋of size 𝑛𝑎𝑠𝑠𝑒𝑡𝑠 × 𝑊, where 𝑥𝑖,𝑡is 

the flexibility magnitude of asset 𝑖in slot 𝑡. We employ a GA 



 

for this search because the combined space of heterogeneous 

assets, inter-temporal constraints, and non-convex cost 

structures makes gradient-based methods impractical. As 

shown in Fig. 2, the GA maintains a population of candidate 

dispatch matrices and evolves them over successive 

generations.  

 
Figure 2. GA workflow 

Each candidate is evaluated according to the fitness function: 

 

𝐹(𝑋) = ∑ ∑ 𝑐𝑖,𝑡

𝑖∈𝐼𝑡∈𝑊

∙ 𝑥𝑖,𝑡 ∙ ∆𝑡 + ∑ 𝐶𝑝𝑒𝑛(𝑠𝑡) ∙ ∆𝑡

𝑡∈𝑊

 

where 𝑐𝑖,𝑡is the per-asset marginal cost defined in Section III-

C and 𝐶𝑝𝑒𝑛(𝑠𝑡) penalizes any shortfall 𝑠𝑡 relative to the 

requested profile. Fitter individuals are selected via 

tournament selection and recombined through column 

crossover, exchanging coherent time blocks between parent 

plans, followed by random perturbations of set-points. Every 

offspring is passed through a repair step that clips activations 

to the feasibility caps and rescales the plan to meet the 

requested total where possible. This ensures the population 

remains feasible throughout. Once the generation budget is 

exhausted, the best plan's first column is dispatched and the 

rolling horizon advances. 

C. Cost and asset modelling 

The controller ranks using marginal cost signals 𝑐𝑖,𝑡 that 

capture economic impact, comfort, delivery reliability, and 

asset health — analogous to the merit order principle in 

wholesale markets. The total marginal cost has five 

components:  

• Energy costs capture the net effect of shifting energy in 

time relative to the baseline. When an asset is curtailed, 

consumption or generation is reduced now but must be 

compensated later; when it is boosted, energy is consumed 

now to avoid or defer future use. In both cases, the cost 

depends on the difference between the current price and 

the expected future price at which the energy will be 

replaced or recovered. We estimate this future reference 

price 𝑣𝑟𝑒𝑓  by taking a low or high percentile of the 

forecasted day-ahead price curve over a look-ahead 

window of 𝑁 slots: 

∆𝜆𝑖,𝑡 = 𝜆𝑡 − 𝑣𝑟𝑒𝑓 , 𝑣𝑟𝑒𝑓 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒(𝜆𝑡+1, … , 𝜆𝑡+𝑁) 

For upward flexibility the term is positive when current 

prices exceed future replacement cost; for downward it 

reverses, with efficiency losses 𝜂 applied where relevant. 

• Opportunity costs capture value that is lost when an asset 

is activated. The most direct example is PV curtailment: 

each kWh of curtailed generation represents lost export 

revenue at the feed-in tariff 𝜆𝐹𝐼𝑇. Unlike the exchange 

energy, this cost does not depend on the market prices and 

is a fixed cost, which makes PV curtailment consistently 

expensive relative to other downward flexibility options. 

• Degradation cost applies to storage assets and reflects the 

wear caused by each charge-discharge cycle, modelled as 

a fixed cost per kWh 𝑐𝑑𝑒𝑔, which is derived from the 

battery replacement cost and expected cycle life.  

• Comfort cost is used for Heating, Ventilation and Air-

Conditioning (HVAC) loads and penalizes activations that 

push indoor temperature toward the boundary of the 

comfort band [𝑇𝑚𝑖𝑛 , 𝑇𝑚𝑎𝑥  ]. We define a normalized 

deviation from the band midpoint  𝑇𝑚𝑖𝑑  as:  

𝑧𝑡 =
𝑇𝑡 − 𝑇𝑚𝑖𝑑

𝑤
, 𝑤 =

𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛
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The comfort cost scales linearly with |𝑧𝑡|, becoming a 

penalty when the activation pushes temperature away 

from 𝑇𝑚𝑖𝑑  and a reward when it moves temperature back 

toward comfort: 

𝐾𝑖,𝑡 = 𝜅 ∙ |𝑧𝑡| ∙ 𝑒𝑓𝑓𝑒𝑐𝑡_𝑠𝑖𝑔𝑛 

Where 𝜅 is a weight in €/kWh. 

• Uncertainty cost reflects the risk of non-delivery 

associated with assets whose baseline forecasts are less 

reliable: 

𝑅𝑖,𝑡 = 𝛾𝑖 ∙ 𝜎𝑖 

Where 𝜎𝑖 is the historical baseline forecast error and 𝛾𝑖 is 

the cost scaling factor in €/kWh. Assets with larger 

forecast errors receive a higher effective marginal cost, 

steering the optimizer toward more predictable resources.  

The portfolio in our simulations includes four representative 

asset types, each with distinct technical capabilities and cost 

components: 

• EV charging locations provide upward flexibility only, by 

curtailing active charging relative to the baseline demand 

profile. The per-slot cap equals the forecasted baseline 

consumption, falling to zero when the site is unavailable. 

• BESS: supports both directions, with per-slot caps 

determined by available energy within SoC bounds and 

maximum charge/discharge power.  

• PV systems provide downward flexibility through 

curtailment only, with the per-slot cap equal to the 

forecasted generation baseline.  

• HVAC units support both directions within a comfort-

constrained envelope: upward flexibility through 

consumption curtailment and downward through pre-

heating or pre-cooling. Caps are computed slot by slot 

using a first-order thermal model, excluding any 

activation that would violate the comfort band at the next 

step.  

The cost components active for each asset type and the specific 

parameter values used in the simulations are summarized in 

Table I in Section III-D. 



 

D. Scenario definition 

The simulations use real measurement data shared by project 

partners, sampled at 15-minute resolution over a full day (96 

slots). PV generation is represented by a single profile with a 

peak of approximately 11 kW, typical of a residential rooftop 

installation. Two HVAC profiles are used: a larger 

commercial-scale unit and a smaller household heat pump, 

with outdoor temperature obtained from Open-Meteo as an 

input to the thermal model. Three EV charging location 

profiles are drawn from the considered car-sharing fleet, each 

representing a site with multiple chargers and a relatively 

stable demand pattern. The BESS state is fully determined by 

the algorithm's dispatch decisions. Day-ahead electricity prices 

for the same date serve as the price input to the cost model. 

Flexibility request profiles are constructed by sampling a 

fraction of the portfolio envelope and shaping it into activation 

blocks with varying duration, magnitude, and direction, always 

remaining feasible by design. Two portfolio configurations are 

evaluated. The baseline scenario consists of one asset of each 

type, allowing the algorithm's behavior to be clearly 

interpreted in terms of individual asset contributions. The large 

portfolio comprises 47 assets: 10 prosumer households each 

with PV, HVAC, and a household BESS, two larger buildings 

with scaled PV and a larger HVAC unit, one large BESS, and 

three EV charging locations. 

Table I shows the key cost parameters used in the simulations. 
Table I. asset cost parameters with values 

Parameter (€/kWh) EV BESS PV HVAC 

Energy (DA prices) ✓ ✓  ✓ 

Opportunity (FIT)   0.06  

Degradation 𝑐𝑑𝑒𝑔  0.06   

Comfort 𝜅    0.08 

Uncertainty 𝜎 0.30  0.05 0.12 

 

IV. RESULTS 

A. Baseline case (small portfolio) 

Table II summarizes the overall delivery performance of the 

baseline scenario. 
Table II. Baseline scenario: overall delivery performance 

𝐸𝑡𝑜𝑡𝑎𝑙 (kWh) 𝐸𝑙𝑜𝑠𝑠 (kWh) 𝐶𝑡𝑜𝑡𝑎𝑙 (€) 𝐶𝑎𝑣𝑔 (€/kWh) 

U: 29.1 
0 2.791 0.0291 

D: 28.18 

The distribution of flexibility across asset types is shown in 

Table III and visualized in Fig. 3, which shows the signed 

dispatch aggregated by asset type over the full day, with 

positive values indicating upward and negative values 

downward activations. 
Table III. Baseline scenario: flexibility contribution by asset type 

 PV HP BESS EV 

%𝑢𝑝 0 6.58 55.60 36.82 

%𝑑𝑜𝑤𝑛 51.13 7.64 41.23 0 

 
Figure 3. Baseline scenario: dispatch by asset type 

In the upward direction, BESS provides the majority of 

flexibility at 56%, followed by EV at 37%, with HP 

contributing a modest 7%. PV provides no upward flexibility 

by design. In the downward direction, PV dominates at 51% 

during the central part of the day, with BESS covering 41% 

and HP the remaining 8%. To understand why the algorithm 

distributes flexibility in this way, Fig. 4 shows the asset 

baselines and realized flexibility caps alongside BESS SoC 

and HP indoor temperature trajectories; Fig. 5 shows the 

corresponding realized activation costs by asset and direction. 

 
Figure 4. Baseline scenario: asset baselines, realized flexibility caps, SoC 

and indoor temperature 

 
Figure 5. Baseline scenario: realized activation costs by asset and direction 

Several observations explain the dispatch pattern. For upward 

flexibility, EV charging demand is absent before slot 40, so 



 

BESS covers the earlier requests where EV caps are zero. Once 

EV demand appears, it becomes the preferred upward resource 

given its lower cost. HP contributes modestly throughout, 

constrained by its low operating power (its baseline rarely 

exceeds 2 kW) rather than by cost. 

For downward flexibility, PV dominates between slots 30 and 

60 where its cost is fixed at the feed-in tariff, making it 

consistently the cheapest option. Once PV drops to zero, BESS 

takes over, with HP filling a small share of the third downward 

block where BESS cost rises. 

BESS SoC and HP indoor temperature remain within their 

defined bounds throughout, confirming correct constraint 

enforcement. 

B. Large portfolio case 

Table IV summarizes the overall delivery performance of the 

large portfolio scenario. The total requested flexibility is 

substantially larger than in the baseline reflecting the larger 

request profile constructed from the expanded portfolio 

envelope. 
Table IV. Large portfolio scenario: overall delivery performance 

𝐸𝑡𝑜𝑡𝑎𝑙 (kWh) 𝐸𝑙𝑜𝑠𝑠 (kWh) 𝐶𝑡𝑜𝑡𝑎𝑙 (€) 𝐶𝑎𝑣𝑔 (€/kWh) 

U: 233.96 
0 13.0898 0.1364 

D: 333.39 

The flexibility contributions by asset type are shown in Table 

V and Fig. 6, which shows the signed dispatch aggregated by 

type over the full day. 
Table V. Large portfolio scenario: flexibility contribution by asset type 

 PV HP BESS EV 

%𝑢𝑝 0 16.97 51.01 32.82 

%𝑑𝑜𝑤𝑛 27.20 16.28 56.52 0 

 

 
Figure 6. Large portfolio scenario: dispatch aggregated by asset type 

BESS remains dominant in both directions at 51% upward and 

57% downward, closely mirroring the baseline and reflecting 

its unconditional availability and bidirectional capability. HP 

contribution increases substantially from 7% to 17% upward 

and 8% to 16% downward, driven by the twelve HP units in 

the large portfolio including two powerful commercial units, 

providing meaningful flexibility across a wider range of slots. 

Three EV locations operating on different schedules spread 

upward flexibility more evenly across the day than the single 

baseline location, maintaining a similar 33% overall share. PV 

downward contribution drops from 51% to 27% despite greater 

total installed capacity, as the proportionally larger downward 

request extends well beyond daylight hours, shifting the 

remaining load onto BESS and HP.  

V. CONCLUSION 

This paper presented a rolling-horizon GA for optimal 

flexibility disaggregation across heterogeneous asset 

portfolios. The algorithm combines a unified marginal cost 

framework with asset-specific feasibility models that enforce 

technical and comfort constraints at every step. Evaluated on a 

baseline four-asset portfolio and a realistic 47-asset 

configuration, the algorithm achieves full delivery of the 

requested flexibility in both cases, with asset prioritization 

consistent with the defined cost structures and availability 

constraints. 

Several directions remain open for future work. First, the 

current formulation assumes asset-level metering; extending it 

to incorporate portfolio-level smart meter feedback for real-

time setpoint correction would make it directly applicable to 

local flexibility markets. Second, the uncertainty cost term 

currently uses a static forecast error estimate per asset type. 

Updating this dynamically after each activation would create a 

self-tuning weighting that naturally steers dispatch toward 

historically reliable assets. Third, a systematic sensitivity 

analysis of the cost parameters would help aggregators 

understand how to calibrate the model for their specific 

portfolio and market context. 
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