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ARTICLE INFO ABSTRACT

Keywords: This paper proposes a coordinated strategy for Virtual Power Plants (VPPs), including both renewable and
Virtual power plant conventional units, to participate in the Day-Ahead Market (DAM) and Secondary Reserve Market (SRM),
Carbon trading market while incorporating intertemporal Carbon Trading Market (CTM) constraints. The model enables the VPP to

Energy market

leverage differences in CTM prices across multiple sample days by strategically selling excess carbon credits
Secondary reserve market

or purchasing required credits on sample days with more favorable prices. A two-stage robust optimization

Robust optimization . . . . .
framework is developed to account for multiple uncertainties in market prices, renewable energy production,
and demand consumption. The proposed scheduling strategy encourages the VPP to prioritize low-emission
resources and limit the use of polluting units, contributing to both profitability and emission reduction. To
evaluate the effectiveness of the proposed approach, simulations are conducted for a 220 MW VPP supplying
80 MW of internal demand under various uncertainty-handling strategies and carbon credit allowance levels.
The findings show that the proposed model enables more flexible carbon trading, with CTM-related profitability
increasing by 29.0-55.3%, and carbon emissions reduction improvement up to 8.9% compared to daily carbon
trading.

1. Introduction revise their operational strategies to account for potential emissions

from each unit, carbon allowance volatility, and broader sustainability

1.1. Motivation considerations. This highlights the need to embed environmental con-

straints directly into their modeling and decision-making frameworks.
The Virtual Power Plant (VPP) is a coordinated system of Renewable  Their integrated control over both renewable and conventional gener-

Energy Sources (RES), conventional units, and Flexible Demands (FDs), ation allows them to adapt dispatch strategies to minimize emissions,

integrated through advanced control and communication technologies. promoting environmentally sustainable outcomes. VPPs can also capi-

By aggregating these heterogeneous assets, a VPP can provide ancillary talize on their flexibility not only to optimize participation in electricity

services, manage local imbalances, and enhance system reliability,
while participating in wholesale electricity markets with a unified
bidding strategy. This aggregation not only facilitates the economic
integration of variable RES but also enables smaller units to access
markets that would otherwise be unavailable to them individually [1].

On another front, the European Union Emissions Trading System
(EU ETS) has played a central role in driving decarbonization across
major carbon-intensive sectors since its inception in 2005. With a
cumulative reduction of 47% in greenhouse gas emissions by 2023 and
an increased ambition for a 62% cut by 2030, the EU ETS has proven
effective in transitioning the power sector toward cleaner generation.
The tightening cap and rising carbon prices — coupled with the expan-
sion of ETS coverage — highlight the growing relevance of the Carbon
Trading Market (CTM) [2]. As carbon regulations become increasingly
stringent, the VPPs — particularly those integrating thermal units — must and-trade mechanism. Allowances are distributed based on historical

markets but also to strategically engage in carbon trading. Such dual
participation enhances revenue potential while supporting systemic
emissions reduction, aligning economic incentives with environmental
goals [3].

In European electricity markets, the Day-Ahead Market (DAM) en-
ables producers and consumers to submit hourly bids for the next
day, with market clearing typically occurring 12 h before delivery [4].
Alongside, the Secondary Reserve Market (SRM) ensures grid stability
by procuring fast-response reserves, where certified units provide auto-
matic frequency restoration services under strict response and duration
requirements [5]. Leveraging their operational flexibility, VPPs can
engage in both DAM and SRM to boost profitability. Meanwhile, the
CTM - as part of the EU ETS - regulates emissions through a cap-
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The general notation used in this paper is outlined below. A detailed nomenclature, including definitions of all variables and
parameters, is provided in Appendix A.
General Nomenclature

Notation Concepts

« An uncertain parameter with a tilde symbol denotes the median value in the forecast distribution (A);

« an uncertain parameter with a tilde and hat/inverse hat symbol denotes the upper/lower bound in the forecast distribution (/i/j);

« the hat/inverse hat symbol on uncertain parameters signifies the positive/negative permitted deviation from the forecast’s value (A, A);
« parameters with an upper/lower bar represent their upper/lower bounds (4, A);
« upward/downward arrows indicate up/down direction of regulation in variables and parameters (a', A'/a!, AY);

« positive/negative symbol on variables and parameters indicates the charging/discharging state of storage (a*, A*/a=, A7).

Abbreviations

CCO  Chance-Constrained Optimization MILP Mixed Integer Linear Programming

C&CG Column & Constraint Generation PV
CSp Concentrated Solar Power Plant  RES

Photovoltaic
Renewable Energy Sources

CTM  Carbon Trading Market RO Robust Optimization
CvVaR Conditional Value-at-Risk SF Solar Field

DAM Day-Ahead Market SO Stochastic Optimization
ES Electrical Storage SRM Secondary Reserve Market
ETS Emissions Trading System TS Thermal Storage

EV Electric Vehicle TPP  Thermal Power Plant

FD Flexible Demand VPP  Virtual Power Plant

IGDT Information Gap Decision Theory WF

Indexes and Sets

Wind Farm

teTJ Set of time periods in each sample day

t € Jhay Set of sample days

uel Set of VPP units

Parameters

C, Operation costs of unit u [€/MWh]

E, Electrical energy of unit u [MWh]

P, Electrical or thermal power forecast or capacity of unit u [MW]

RMS R Secondary reserve ramp rate of unit u [MW/min]

a, Emission factor of unit u [tons CO,/MW]
r Uncertainty budget [-1

At Duration of periods [hour]

My Electrical or thermal power efficiency of unit u [%]

1, Emission quotas for unit u [tons CO,/MW]
K Percentage of reserve traded in the SRM relative to the power capacity of VPP [%]

A Market price during period or sample day ¢ [€/MW or €/MWh or €/tons CO,]
Variables

2 Electrical energy of unit u during period ¢ [MWh]

ntCT Carbon credits traded by VPP in the CTM during sample day ¢ [tons CO,]

.y Carbon credits required by unit u during period or sample day ¢ [tons CO,]

pPA Electrical power traded by VPP in the DAM during period ¢ [MW]

Dus Electrical or thermal power of unit u during period ¢ [MW]

rSR Reserve traded by VPP in the SRM during period ¢ [MW]

Tt Reserve provided by unit u during period ¢ [MW]

z Positive auxiliary variable of uncertain parameters during period ¢ [MW or MWh or tons CO,]
w, Positive auxiliary variable of uncertain parameters during period ¢ [-]

) Dual variable to model the uncertain parameters [€ or MW]

v, Dual variable to model uncertain parameters during period ¢ [€ or MW]

U, Binary variable for on/off status of unit u during period ¢ [-]

uif// SD Binary variable for start-up/shut-down status of unit u at period ¢ [-]

Xt Binary variable to model unit u worst case occurrence during period ¢ [-]

activity and performance benchmarks, with participants required to
cover annual emissions by holding or trading sufficient credits [6].
VPPs incorporating fossil-fueled units or industrial demand can par-
ticipate in carbon trading, adding both environmental value and an
additional revenue source to their operations.

VPPs operate within a highly uncertain environment influenced
by market price volatility, renewable generation variability, and load
fluctuations [7]. Although the aggregation of diverse units inherently

smooths some of this variability, effective uncertainty modeling re-
mains crucial. To ensure effective market participation, optimization
tools must be both computationally efficient and adaptable to the
operator’s risk preferences [8]. Therefore, a comprehensive strategy
should account not only for electricity markets and emissions-related
considerations but also for unit-specific technical characteristics and
the impact of uncertainties. These elements are essential to fully exploit
the capabilities of VPPs.
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1.2. Literature review

The operation and bidding of VPPs in electricity energy market have
been extensively explored in the literature [9-12]. An industrial VPP
integrating RES, Electrical Storage (ES), and process-linked storage is
proposed in [9], where scenario-based Stochastic Optimization (SO)
models best- and worst-case uncertainties using Conditional Value-at-
Risk (CVaR). In [10], scenario-based SO is used to capture uncertainties
in price, RES output, and energy demands, incorporating both RES
and conventional sources. In contrast, [11] adopts a deterministic bi-
level framework for multi-energy VPP bidding, while [12] introduces a
rolling horizon optimization approach for VPP operations in DAM and
intra-day market, focusing on RES intermittency and market-aggregator
dynamics.

Further studies explore VPP participation in ancillary markets be-
yond energy trading to enhance profitability. In [13], a two-stage
Robust Optimization (RO) model is developed and solved using the
Column & Constraint Generation (C&CG) algorithm for a multi-energy
VPP participating in the peak regulation market, accounting for un-
certainties in Photovoltaic (PV) generation and demand fluctuations. A
bi-level SO framework in [14] enables distributed VPPs to trade both
in wholesale electricity markets and peer-to-peer setups, accounting
for RES and demand-side uncertainties. A robust single-level Mixed
Integer Linear Programming (MILP) model is proposed in [15] for
simultaneous energy and reserve markets, targeting worst-case profit
under uncertainties in prices, RES output, and demand. Additionally,
[8] employs average regret as a risk measure for VPP decision-making
under uncertainty. The paper [16] introduces a hybrid RO-SO approach
for optimal scheduling in integrated electricity and thermal markets,
addressing uncertainties in renewable generation and consumption
patterns. The above studies focus solely on the economic aspects of
the VPP problem and overlook environmental concerns. However, to
support climate goals, VPP models must integrate financial viability
with environmental considerations such as carbon emission reduction
and low-carbon scheduling.

The joint consideration of environmental factors and economic
objectives in VPP operation — particularly through coordinated par-
ticipation in electricity markets and the CTM - has been explored in
the literature. The work in [17] proposes a deterministic economic
dispatch model for a VPP that integrates both green certificate trading
and carbon trading to support low-carbon and economic goals. In [18],
a deterministic bidding strategy is formulated for VPP participation in
energy, reserve, and CTM, with carbon credits traded at fixed prices.
The study in [19] develops an optimal scheduling model for VPP
operations under green certificate trading and carbon trading, using a
Particle Swarm Optimization (PSO) algorithm to optimize environmen-
tal and economic outcomes. In [20], a cooperative game-based strategy
is introduced for VPP participation in joint electricity and CTM, with
the deterministic bidding problem solved via the Whale Optimization
Algorithm (WOA). The study in [21] addresses the optimal scheduling
of a VPP comprising Wind Farm (WF), solar PV, gas turbine, and
ES, incorporating both carbon trading and green certificate trading.
The problem is solved using the PSO algorithm, and the analysis
focuses on carbon emissions and RES utilization over four sample days.
However, a fixed CTM price is assumed, and interactions between the
sample days are not considered. The paper [22] proposes a multi-
objective bidding strategy for a multi-energy VPP in energy, frequency
regulation markets, and the CTM, balancing economic performance
with consumer satisfaction, although uncertainties are not considered.
The above studies adopt a deterministic approach and overlook the
impact of key uncertainties, such as market prices, RES production, and
demand consumption, on VPP operations. However, these uncertainties
can significantly affect both profitability and carbon emissions of the
units and should be explicitly considered for more realistic and robust
decision-making.
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Some studies address the uncertainties in RES generation and de-
mand consumption when optimizing the joint participation of VPP
in electricity markets and CTM. In [23], a multi-objective operation
model for a multi-energy VPP including ES and Thermal Storage (TS)
is developed to jointly maximize profit and minimize carbon emissions,
incorporating uncertainties in electricity prices, PV and WF output, and
demand consumption via a scenario-based approach. The work in [24]
proposes a dispatch strategy aimed at near-zero carbon emissions for
a rural VPP composed of gas turbine, gas storage, biomass, rooftop
PVs, and distributed wind units. Uncertainties in RES and load are
managed using Information Gap Decision Theory (IGDT), and a coop-
erative game framework addresses economic, risk, and environmental
objectives. This approach is extended in [25], which integrates green
certificate trading through a data-driven two-stage RO model. In [26],
a data-driven distributed RO framework is introduced for VPP bidding
in energy markets under a ladder-type carbon trading scheme, using
scenario-based uncertainty modeling and clustering. The study in [27]
considers a multi-microgrid VPP to enhance economic and low-carbon
performance, employing a three-stage scheduling model across DAM
and real-time market, with carbon emissions allocated daily among
VPP units. A two-stage RO model is proposed in [28] for optimal dis-
patch under RES and demand uncertainty, integrating a carbon trading
mechanism to balance cost and emissions. The paper [29] develops a
VPP model including carbon capture systems operating in electricity,
carbon, and natural gas markets. Market uncertainties are addressed
using CVaR, and the multi-objective model is solved with a collabo-
rative evolutionary algorithm. In [30], a bi-level model is developed
to determine the pricing strategy for an Electric Vehicle (EV)-based
VPP participating in energy markets, ancillary service, and the CTM.
Renewable energy uncertainty is addressed using a SO approach with
CVaR, and carbon quotas are allocated to both TPPs and EVs, where
EV emissions are estimated based on equivalent fuel vehicle emissions.
The study in [31] introduces an incentive-based demand response
mechanism to reduce carbon emissions from a VPP operating in the
energy and reserve DAM and the CTM. Uncertainties in RES generation
are handled using a Chance-Constrained Optimization (CCO) method.
In [3], a joint market participation strategy is proposed for a VPP in
the DAM, real-time market, reserve market, and CTM, where a RO
framework accounts for uncertainties in RES generation, load demand,
and market prices. These studies typically model VPP operations based
on a single sample day, during which the CTM price is assumed to be
fixed due to its limited daily variability. However, by restricting the
analysis to such a time horizon, they overlook intertemporal carbon
trading constraints and their potential impact on trading strategies, unit
scheduling, profitability, and emissions.

Although considerable research has addressed the participation of
VPPs in electricity markets and the CTM, many existing studies rely on
simplified models that assume a single carbon price and a single sample
day. Such approaches constrain the VPP to buy or sell carbon credits
based solely on a static snapshot, overlooking the intertemporal nature
of carbon trading. Since carbon quotas are typically assigned on an
annual basis and units must present sufficient credits yearly rather than
daily, this necessitates an annual perspective in credit management.
Furthermore, VPP operational schedules vary throughout the year due
to fluctuations in RES availability and load demand. As a result, it is
essential to account for diverse scheduling patterns, temporal flexibility
in trading decisions, and uncertainty in CTM prices. To address these
limitations, this paper proposes a comprehensive joint market partici-
pation model for VPP operations across energy and reserve electricity
markets while explicitly considering the intertemporal constraints of
carbon trading.

A four-sample-day framework that captures seasonal variations by
considering interactions among sample days is employed. The model
enables the VPP to optimize its carbon trading strategy by selecting
the most economically advantageous sample days for trading, rather
than being constrained to a fixed trading period. To handle inherent
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Table 1
Summary of key differences between the proposed approach and related literature.
Ref. Components Market Uncertainty CTM model Intertemporal Method
CTM constraints & solution
Renew- Conven- Storage  Flexible Energy & CTM Electricity CTM Renew- Load
able tional load reserve able
[9] WF v v X X X v X v X X X SO, CVaR
[10] PV/WF v v X X X v X v v X X SO, MILP
[11] PV/WF v X X X X X X X X X X Nonlinear
[12] PV/WF v v v X X X X v v X X Nonlinear
[13] PV v v X X X X X v v X X Two-stage RO,
C&CG
[14] PV/WF X v v v X X X v v X X Two-stage SO,
MILP
[15] PV/WF X X v v X v X v v X X RO, MILP
[8] PV/WF X v v v X v X v v X X RO, MILP
[16] PV/WF X v v X X X X v v X X Two-stage
RO-SO, C&CG
[17] PV/WF v v X X v X X X X 1 sample day X MILP
[18] PV/WF v v v v v X X X X 1 sample day X Non-linear
[19] PV/WF v X v X v X X X X 1 sample day X PSO
[20] PV/WF v v v X v X X X X 1 sample day X Non-linear,
WOA
[21] PV/WF v v X X v X X X X 4 sample days X Non-linear,
w/o interactions PSO
[22] WF v v v v v X x X X 1 sample day X Non-linear,
Fuzzy
[23] PV/WF v v v v v v X v v X SO, MILP
[24] PV/WF v v v X v X X v v 1 sample day X MILP, IGDT
[25] PV/WE/ v v v X v X X v v 1 sample day X Data-driven,
Hydro MILP
Two-stage RO,
C&CG
[26] PV/WF v v v X v X X v v 1 sample day X Data-driven,
SO-RO
[27]1 PV/WF v v v X v X X v v 1 sample day X SO, MILP
[28] PV/WF v v v X v X X v v 1 sample day X Two-stage RO,
C&CG
[29] PV/WF v v v X v v X X X 1 sample day X CVaR,
Non-linear
[30] PV/WF v v v v v X X v X 1 sample day X SO, CVaR,
MILP
[31] WF v v v v v X X v X 1 sample day X CCO, MILP
[3] WF v v v v v v X v v 1 sample day X RO, MILP
This PV/WE/ v v v v v v v v 4 sample days v Two-stage RO,
paper CSP with interactions MILP

uncertainties, a two-stage RO formulation is developed, incorporating
stochasticity in DAM and SRM electricity prices, CTM prices, RES
generation, Concentrated Solar Power Plant (CSP) thermal energy gen-
eration, and FD consumption. The proposed model uses a set of tunable
parameters — referred to as uncertainty budgets — that allow the VPP
operator to calibrate the degree of protection applied to each uncertain
parameter. This feature ensures that the model can adapt its level
of conservatism based on the operational impact of each source of
uncertainty, leading to more informed and flexible decision-making. In
comparison to existing studies, this paper introduces a more compre-
hensive framework for VPP participation in energy and reserve markets
by incorporating a broader range of uncertainties and enabling greater
flexibility in carbon trading decisions. To support this contribution,
Table 1 presents a comparative analysis of the key features of the
reviewed literature alongside those of the proposed model.

1.3. Paper contributions

Addressing the shortcomings in the literature, this work introduces
the following primary contributions:

» To model intertemporal carbon credit trading in the VPP problem:
Existing literature typically models carbon credit trading on a
daily basis with a fixed price, which limits trading decisions to
the same day the emissions are generated. Some studies consider

multiple sample days to analyze the carbon emissions and trading
performance of a VPP, but they do not account for the long-
term effects of carbon trading strategies or the intertemporal
interactions between different sample days. However, in practice,
carbon credits are often allocated on an annual basis, and the
VPP can leverage the intertemporal effects to enhance its overall
profitability. To better reflect this, the proposed model incorpo-
rates carbon credit trading across four sample days with varying
CTM prices. This approach allows the VPP to plan and trade
credits based on a long-term emission strategy. The intertemporal
modeling enables the VPP to offset emissions from high-pollution
sample days by purchasing credits on sample days with lower
carbon costs or by selling excess credits on sample days with
higher CTM prices.

To develop a two-stage flexible RO formulation that considers multiple
uncertainties within a multi-market VPP framework: Although two-
stage RO models exist in the literature, a comprehensive frame-
work that considers both short-term and long-term uncertainties
in the VPP problem - covering energy and reserve markets as well
as the CTM - has not yet been proposed. Accordingly, this paper
addresses several sources of uncertainty, including DAM bprices,
SRM prices, CTM prices, RES production, and industrial FD con-
sumption, by proposing a two-stage RO model. In the first stage,
the VPP operator determines the unit commitments and trading
decisions for energy, reserve, and carbon credits across different
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markets. In the second stage, the aforementioned uncertainties
impact the objective function. The model allows the VPP operator
to flexibly adjust its level of conservatism in response to each
uncertainty through the use of uncertainty budget parameters.
Accordingly, a wide range of decision approaches (from optimistic
to pessimistic) are examined across multiple sample days, and
their effects on the VPP’s energy and reserve trading strategy,
carbon credit trading, carbon emissions, and optimal scheduling
decisions are analyzed.

To design an emissions-aware scheduling model for VPP units: In
traditional approaches in the literature, the VPP considers only
the carbon price of each specific day and may choose to operate
in a high-emission mode when credit prices are low, thereby
missing the opportunity to optimize over a longer horizon. In
contrast, the approach proposed in this paper promotes a more
environmentally friendly operation of VPP units compared to
single-day or multi-day models that do not account for intertem-
poral interactions. Accordingly, this paper presents a scheduling
model for various units of the VPP, including WF, solar PV,
CSP, TS, ES, and FD, across different sample days. The proposed
framework incentivizes emission reductions by prioritizing the
dispatch of RES units and preserving carbon credits for more
profitable trading opportunities—achieved by selecting favorable
sample days for carbon credit trading. As a result, the VPP is
encouraged to limit the operation of polluting units, such as the
Thermal Power Plant (TPP) and industrial demand, not only to
enhance profitability but also to support the carbon neutrality of
the power grid.

2. Problem description

The primary objective of a VPP is to facilitate the integration of
RES into electricity markets while operating dispatchable fossil-based
units efficiently to support carbon neutrality goals. To achieve this,
the VPP must actively participate in multiple markets, including the
DAM, SRM, and CTM. It must also manage diverse uncertainties, such
as price volatility, renewable output variability, and demand fluctua-
tions. The central task is to determine optimal scheduling and bidding
strategies that maximize profit, maintain emissions within regulated
limits, and ensure the reliable operation of its stochastic units. Fig. 1
presents the overall architecture, illustrating the VPP components, their
interactions, and the proposed optimization framework.

The VPP may integrate solar PV plants, WFs, CSPs with TS, ESs,
TPPs along with FDs. The operator collects forecast data and technical
constraints from these units and communicates their schedules based on
market outcomes. As all units are connected to grid for energy and re-
serve trading, the VPP can participate in both the DAM and SRM. Since
these short-term markets operate on a daily basis, the VPP submits
independent bids for each sample day, capturing different production
and consumption patterns. Market clearing in the DAM is managed by
the market operator. The SRM, on the other hand, is coordinated by the
transmission system operator, which allocates reserves through secure
economic dispatch and accepts offers to maintain real-time system
balance [5,32]. Given its small size relative to the overall market, the
VPP is modeled as a price taker, and price forecasts are derived from
historical data.

Under the EU ETS, carbon allowances are allocated annually to
emitting units based on predefined criteria. Each unit must surrender
sufficient credits to match its verified yearly emissions. The VPP can
participate in the CTM by trading carbon credit allowances, with each
credit corresponding to the offset of 1 ton of CO, emissions from
polluting units [6]. While carbon credit trading provides flexibility
for VPPs, relying on short-term trading strategies — such as daily or
opportunistic purchases — can be both environmentally inefficient and
economically suboptimal. In periods of low carbon prices, thermal units
may be dispatched at low cost but with high emissions, undermining
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sustainability goals. Conversely, when carbon prices rise, emission
reductions may occur but at a significantly higher cost. Such short-
term approaches fail to consistently support either cost efficiency or
environmental responsibility.

In contrast, an annual approach, as adopted in this study, provides
a more consistent alignment with emissions constraints and long-term
decarbonization targets. Incorporating carbon trading into strategic
scheduling decisions enables VPPs to optimize their operations while
maintaining environmental responsibility. Moreover, as EU ETS regu-
lations evolve to reduce the total volume of allowances and increase
the carbon price floor, VPPs must increasingly prioritize low-emission
units and minimize dependence on carbon-intensive generation. From
a policy perspective, long-term models that incorporate emissions con-
straints and sustainability metrics are better aligned with EU climate
goals [6]. Therefore, a long-term approach that integrates both opera-
tional costs and environmental aspects is essential to ensure that VPPs
contribute not only to market efficiency but also to systemic emissions
reduction.

Given this context, although the CTM is traded daily — often at a
fixed price - it is more effective for VPP operators to schedule fossil-
based units on an annual basis. This is also due to seasonal variations
in RES output and demand, which lead to different levels of pollu-
tion. Additionally, given long-term carbon price volatility, acquiring
or selling credits strictly on the sample day when emissions occur is
suboptimal. Instead, VPP operators may procure credits during low-
price periods (sample days) and emit during high-price periods. To
prevent market manipulation, the model in this paper restricts carbon
trading to the net difference between total emissions and the allocated
annual allowance, disallowing the purchase or sale of credits beyond
this margin. This ensures that credits cannot be repeatedly bought and
sold across seasons to exploit price fluctuations.

The VPP operator manages energy scheduling for all units by solving
the proposed optimization framework. This is based on each unit’s
technical specifications, forecasted RES generation, price forecasts, and
market conditions. The objective is to maximize total profit from
energy and reserve trading in the DAM and SRM, as well as carbon
credit transactions in the CTM, while accounting for operational costs.
The model incorporates both deterministic and uncertainty-driven con-
straints. Deterministic constraints include supply—demand balance, car-
bon emission and credit trading limits, and operational constraints
of units with dispatchable outputs such as TPPs and ESs. They also
include the deterministic operation constraints of units with stochastic
behavior (e.g., PV, WF, CSP, and FDs). In contrast, uncertainty-related
constraints capture the variability in power output from RES and
demand-side units, as well as uncertain market prices in the DAM, SRM,
and CTM.

To address the adverse effects of uncertainty on the VPP opera-
tor’s profit, a two-stage RO framework is employed [13]. The first
stage determines optimal scheduling and bidding decisions to maxi-
mize expected profit, while the second stage evaluates the worst-case
realizations of uncertain parameters within a specified uncertainty set.
This set is controlled by an uncertainty budget, a tunable parameter that
reflects the operator’s risk appetite [8]. For short-term uncertainties —
such as RES output, demand, and DAM/SRM prices — the budget defines
the number of hours per sample day that may experience worst-case
deviations. In contrast, for long-term uncertainties like CTM prices,
it indicates the number of sample days subject to extreme values.
By adjusting these budgets, the operator can balance robustness and
performance. Upon solving the model, the VPP operator obtains the
internal dispatch plan, market bids for energy and reserves, and carbon
credit trading quantities for submission to relevant units and market
platforms. The interested reader is referred to [15] for a comprehensive
discussion on the impact of the uncertainty budget.
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Fig. 1. The scheme of considered VPP for participation in DAM, SRM, and CTM.

3. Two-stage robust optimization framework

The optimization framework must account for the technical char-
acteristics of the units, market structures, environmental factors, and
various sources of uncertainty. The two-stage RO approach effectively
addresses these aspects by dividing the decision-making process into
two stages. The first stage defines the VPP’s initial market bids and op-
erational plans. The second stage adapts to the worst-case realization of
uncertain parameters, ensuring feasibility and robustness under adverse
conditions [13]. To support the mathematical formulation presented in
this section, Fig. 2 illustrates the interactions among VPP components,
various markets, decision stages, and sources of uncertainty in the
proposed two-stage RO framework. Accordingly, this section develops
a two-stage RO optimization framework to model the VPP’s decision-
making process under uncertainty, aiming to maximize profitability
while complying with operational, environmental, and market con-
straints. The deterministic formulation, which assumes fixed values for
uncertain parameters, is presented in Section 3.1, whereas the two-
stage RO approach, which considers uncertainties from the source and
load sides as well as market prices, is elaborated in Section 3.2.

3.1. Deterministic problem

The deterministic formulation models the operation and bidding
of the VPP in the electrical energy and reserve markets, as well as
in the CTM by assuming fixed values for uncertain parameters. This
section presents the deterministic objective function along with the
constraints related to the VPP’s technical units, market participation,
and carbon emission considerations in the optimization problem. This
provides a clear foundation for understanding the problem structure
before incorporating uncertainty, which is addressed in the RO model
formulation in Section 3.2.

3.1.1. Objective function

The deterministic objective function, presented in (1), seeks to max-
imize the VPP’s profits in the DAM, SRM, and CTM, while incorporating
the operational costs of its units [33]. The first term in (1) captures the
expected revenues from the VPP’s bids in the DAM. The second term
computes the expected revenue from both upward and downward SRM.
The third term reflects revenues obtained from CTM. The fourth and
fifth terms denote the operational costs of RES and CSPs, respectively.
The seventh term calculates the operational costs of TPPs, including
their start-up and shut-down costs. Finally, the last term represents the
degradation cost of ESs.

DA DA SRT SRT SR, SRl CT .CT
_oma z A a+y [ + 2 ] 3 ACTn
1eT te T Day
- Z z Crpr,tAt - Z Z CHPGJAI
teT reR teT 0€O
_ZZ[ Copegit +CSY SU+CSD sn] ZZMS _p“At o
teT ceC teT se8

3.1.2. Electrical supply & demand traded constraints

The equality constraint that ensures the supply-demand balance
of electrical energy and reserve for VPP units is specified in (2a).!
This constraint considers all potential reserve activation scenarios in
real-time, such as upward reserve activation, downward reserve acti-
vation, and no reserve activation. To represent these scenarios, vectors
rSR = (SR SR o) r ry 0% rop = {rh =1y 0% 1oy =
{rl’,, —ri’,,O}; re, = {’Lt»_ o0} andr,, = {rj“,— dt,O} are defined for
the VPP, RES, CSP, TPP, ES, and FD. As a result, (2a) comprises a set
of three equations. The upper and lower limits for the total electrical
energy and reserve traded by the VPP are regulated by Eqgs. (2b) and
(2c), respectively. The traded upward and downward reserves of the
VPP are constrained by a fraction of its maximum electrical production
and discharging power of ES. This value is adjusted by subtracting the
FDs capacity, as detailed in constraints (2d) and (2e) [15].

Z [pr,t + rr,t] + Z [Psu + "0,:] + Z [Pc,t + rc,t]

— (1
rt - {r”,—

reR I=e] ceC
+ z [Ps+7s] = 2 [Pas—ras] =P + ks vt (a)
SES deD
pPA 4 SR 2pr+2p9+2pc+zps— : Vi (2b)
reR 0eod cel Se8
WP “ e
s€S deD
rfR'Tsfc<ZR+ZPe+ZPc+ZE—Zf’d>; "o
reR 0co cel se8 deD
ETL 0SS D WD Wb ) FECS
reR 0€O cel s€8 deD

3.1.3. Carbon credit constraints

Building on the approach in [21], the carbon credit constraints are
developed to model the temporal interactions across sample days in
carbon trading. The number of carbon credits traded by the VPP in each
sample day (n<T) is defined by equality constraint (3a), which balances

1 The time set for ¢ is assumed to be T unless explicitly specified otherwise.
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Fig. 2. The interaction among VPP components, various markets, and uncertainty sources in the proposed two-stage RO model.

the saved credits for CO, emissions (n,s aved) and the used credits (n,U sed)
from the free allocation. Constraints (3b) and (3c) compute the carbon
credits required for electricity production by TPPs and electricity con-
sumption by industrial FDs, respectively. These calculations are based
on the total energy and reserve of these units, along with the emission
factors a, and a,. These factors quantify CO, emissions (in tons) per
MW for production and consumption. Constraint (3d) calculates the
total emissions of VPP units (n"£?), while constraint (3e) ensures that
the total saved emissions across all sample days equal the required
credits for total emissions. Constraint (3f) defines the CO, emission
quotas for TPPs and industrial FDs based on their maximum generation
and consumption levels, as well as the emission factors :, and ;. These
factors, assigned according to the EU ETS [34], vary depending on
the emission intensity of each type of unit. Constraint (3g) enforces
that the total used carbon credits across all sample days matches the
annual free allocation. Constraints (3h) and (3i) determine the allow-
able credits per sample day, with constraint (3i) linking the current
sample day’s allowance to the previous sample day’s remaining credits
after trades and emissions. Constraints (3j)—(31) define the buy (nB “)
and sell (n5¢") variables in the CTM as non-negative and mutually
exclusive. This exclusivity is enforced by the binary variable «“”, which
prevents simultaneous buying and selling to avoid exploiting carbon
price differences between sample days. Finally, constraints (3m) and
(3n) show the nature of positive and binary variables, respectively.

xCT + n;S'aved — nf/sed ; = :J'Day (33)
ey = (peg+rl,) Vet (3b)
ng, =y (pd,t + rj,,) : vd,t (30

P .
=Y ¥+ D Dongs (3d)
teT ceC teT ceD

Z n;Saucd = VPP ; (3e)

teJ Day
nA[Iocated — Zlcpc + Z ldpd ; (3f)

ceC deD

Z ntUsed - nAI/aL'med ; (Bg)

teJDay
n;‘l/awed — nAlIacated ; (3h)
All "d All d CT . D, .
pllowed = yAliowed _ g1 Ny = Y mgee s V€ TPU\(1) (3D

ceC deD

nCT = pSell — B vie TP (3))
WSl < M (uT) vr e TP (3k)
W <M (1-4T) vie TP @3
n;S'aved’ tUxed’n;S'cll Buy >0; vt € TPay (3m)
Tefo,1}; (3n)

3.1.4. Thermal power plant constraints

Constraints (4a)-(4b) define the upper and lower bounds for the
production of each TPP, taking into account the provision of secondary
reserve. The binary nature of the variables is indicated in (4c). Ap-
pendix B outlines the minimum up and down time requirements for
TPPs, based on the approach proposed in [35]. Appendix C presents
the reserve provision capability constraints of TPPs.

p”+r“§Puc, ; Ve,t (4a)
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Ve,t (4b)
u., €{0,1}; Ve,t (40)

Lo
_Pcuc,r < Per — rc,; ’

3.1.5. Electrical storage constraints

A comprehensive formulation for the ESs is presented in (5), devel-
oped to integrate both the energy and secondary reserve capabilities of
the ES. To have enough energy in case of reserve activation, the model,
inspired by [36], assigns a portion of the ES’s energy capacity specif-
ically for upward (1) and downward () secondary reserve provision.
Constraints (5a)-(5d) regulate the charging (+) and discharging (-)
power of the ES, incorporating the allocation of upward and downward
reserves. These constraints allow the ES to provide reserves in both
charging and discharging states. The binary variable u,, indicates the
operational state of the ES, with a value of 1 for charging and O for
discharging. The final values of the upward and downward reserves
provided by the ES are calculated based on its reserve contributions
during either charging or discharging, as outlined in Egs. (5¢)-(5f). The
relationship between the energy and power of the ES, accounting for its
charging and discharging efficiencies, is defined by (5g). Additionally,
Eq. (5h) ensures that the state of charge remains consistent between
the initial and final periods of each sample day. This is crucial for DAM
operations and representative period scheduling, as it maintains the ES
energy level at the same state at the beginning of each cycle. A fraction
of the ES’s energy capacity is allocated for upward and downward
reserve provision, as specified by the variables oST and asl in (51)-(5j).
Based on this allocated energy, the operational energy limits of the ES
are established in (5k). The binary nature of the variable is clarified
in (5D).

Ptu , < PI, - r:'f ; Vs, t (5a)

Pl bt < Plug Vs,t (5b)

P <P (1-uyy) Vst (50)

P (1-ug,) <p;,—rts Vst (5d)

rlt = r:}T + r:,}T ; Vs, t (5e)

= Vst (50)

+ .+ ‘D;’At
st = €51 + ps,tﬂs Ar - — Vs, t\{ 1} (Sg)
s
€51 = Csp=T 5 Vs (5h)
rItAI _ .

— SO’ST(ES—ES) ; Vs (51)

teT s

2 ri,tn:—At < O-i (Es - E:) 5 Vs (5))

teT

E +o! (E,-E,) <e, <E —c}!(E,~E,) ; vs,t (5K)

ug; €{0,1} 5 Vs, t (51)

3.1.6. Concentrated solar power plant

CSPs are solar power plants that use sunlight to generate thermal
energy, which can then be converted into electricity. CSPs employ long,
curved mirrors to focus sunlight onto a tube filled with a heat-transfer
fluid, which absorbs the heat and enables energy transfer in the Solar
Field (SF). The thermal energy is transformed into electrical power
within the turbine of the CSP, where steam generated by the heated
fluid propels the turbine. Furthermore, molten salt TS allow CSPs to
store thermal energy for several hours, enabling electricity generation
even after sunset [37]. It is important to note that the TS can only
be charged when energy is available at the SF, meaning it cannot be
charged by consuming (purchasing) energy from the grid as shown in
Fig. 1.

The process of converting thermal energy into electrical energy in
the turbine of the CSP is formulated in (6) [38]. Constraint (6a) speci-
fies the boundaries for the thermal power output of the SF, considering
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a fixed value for the uncertain parameter of solar irradiation energy.
The thermal power directed to the turbine for electricity generation, as
described in (6b), is integrated by multiple factors. These encompass
the thermal power provided by the SF, the discharging/charging ther-
mal power of the TS, and the turbine startup losses. The conversion
of thermal power to electrical power is achieved by incorporating the
turbine’s efficiency #,. The electrical power and reserve of the CSP
are bounded by its maximum and minimum electrical output capac-
ities. These limits also depend on the turbine’s commitment status,
denoted by the binary variable uy,, as detailed in (6c)-(6d). The tur-
bine’s commitment status and its related constraints, such as minimum
up/down time requirements, outlined in Appendix B. Additionally,
the constraints associated with the TS of the CSP mirror those of ES
constraints defined in Section 3.1.5. These constraints are excluded
here for brevity. Lastly, the nature of the binary variables is defined
in accordance with (6e).

0<pyl <Pl V0,1 (6a)
R T Kol By o, (6b)
Pou+ry, < Poug, ; v, 1 (6¢)
Poug, < py; — ré‘, ; vo,t (6d)
up U5 € 10,1} ; Vo, 1 (6€)

3.1.7. RES constraints

The constraints governing RES are formulated in (7). Constraints
(7a) and (7b) define the maximum and minimum limits for the energy
output and reserve of RES, respectively, based on the precise value of
the uncertain parameter. Notably, RES, such as WFs and solar PVs, have
the ability to contribute to secondary reserve provision, contingent on
their technical capabilities [39,40]. Upward reserve is feasible when
RES are operated below their full capacity and can ramp up generation
during secondary reserve activation. On the other hand, downward
reserve is facilitated by reducing their output power from the current
operating level.

Pyt o< P,; Vr,t (7a)

rtr —
P.<p.,- ri’, ; Vr,t (7b)
3.1.8. Flexible demand constraints

The constraints for FDs are outlined in (8), following the approach
in [38]. Constraint (8a) establishes the minimum limit for FDs in each
time period, based on predefined demand profiles and fixed values for
the uncertainties within each profile. Constraint (8b) ensures that only
one demand profile is selected by the algorithm from multiple available
profiles. The allowable range for FDs, including reserve provision, is
defined by the lower and upper bounds in (8c) and (8d), respectively.
FDs are permitted a specific percentage of flexibility relative to their
predefined profiles, which is allocated for upward and downward re-
serve provision as defined in (8e) and (8f), respectively. Additionally,
the minimum energy consumption over the time horizon (sample day)
for FDs is assigned by (8g).

pd,t > Z [Pd,m,rud,m] > Vd’t (Sa)
meM
D otgu=1, vd (8b)
meM
Py<pg—rh,; vd, 1 (8c)
Pas+ry, <Py vd,1 (8d)

rh S By Pas vd,1 (8¢)
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d,—ﬁdrpdt’ vd,t (86

E;<Y [pd,Az—r ] : vd (8g)
€T

3.1.9. Remarks

The optimization problem outlined in (1)—(8) represents a determin-
istic model for VPP participation in the DAM and SRM, as well as for
CTM. In the following section, the proposed formulation is extended to
integrate various uncertainties, including electricity prices, production
from RES and CSPs, and consumption of FDs, into the optimization
framework.

3.2. Robust formulation

The deterministic formulation discussed in Section 3.1 does not con-
sider the fluctuations of uncertain parameters. However, uncertainties
in DAM, SRM, and CTM prices can have negative (or positive) effects
on the VPP profit. Moreover, uncertainties in the production of RES and
CSP and consumption of FD can result in reduced generation or higher
demand, thereby influencing the VPP market profits. Consequently,
the VPP operator must incorporate the impact of these uncertainties
into its decision-making process. The following section extends the
optimization problem to incorporate the effects of uncertainties on the
VPP’s scheduling and bidding strategy. In this regard, a flexible two-
stage RO strategy is formulated by expanding the RO theory introduced
in [41].

3.2.1. Two-stage robust model

A two-stage RO model is developed in (9) to address multiple
uncertain parameters within the optimization framework. In the first
stage, the VPP operator aims to maximize its objective function (9a),
which mirrors the deterministic objective function (1). In the second
stage, uncertainties negatively influence the electricity prices in the
DAM, SRM and CTM. This is formulated as a minimization problem for
the uncertainty set of variables {AtDA,A,S R’T,A;YR'l,A,CT}. Furthermore,
uncertainties are modeled to potentially reduce the electrical output of
RES and the thermal output of CSPs, while increasing the consumption
of FDs, as expressed in constraints (9b)—(9d). The decision variables
of these uncertainties are represented by the set {P,,, PBS, , Py, } (with
index m of uncertain parameter P, in (8a) omitted for simplic-
ity). Notably, unlike the deterministic formulation, the uncertainty
sets {APA,A;SR‘T,/I;YRJ,A,CT} and {P,,, 9, F.P;,} now include second-
stage decision variables, which were treated as fixed parameters in
the deterministic model. Constraints from the deterministic problem in
Section 3.1 that remain unaffected by uncertainties are retained and
defined in (9e).

max Z ADA DAAI
zoassiier | (;oa Am”uu e

teT
+Z [/13'” sm+ism sm] + Ac*rn’cr
eT teJ Pay
=D D Cp A= DY Copy At
€T reR €T 0€O
“X 3 [t et v |- 3 5w } ©a)
teT ceC teT se8
st.
pr,+rH_min{Pn,} N vr, t (9b)
pf <min{PSF} Vo, (9¢)
E PS .
2T —n}}in {_Pd,t} > vd.r (9d)
dir
(2)-(5), (6b)-(6e), (7b), (8b)-(8g); (%)
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Flexibility in handling uncertainty is achieved through the un-
certainty budget parameter. This parameter is applied to uncertain
parameters in the DAM, SRM, and CTM prices (i.e., I'PA, SRI SRI
and I'°T). It is also applied to uncertain parameters of the production
of RES and CSPs and the consumption of FDs (I, I}, and I;). For
short-term uncertainties — such as DAM/SRM prices, RES output, and
demand - the uncertainty budget is defined as an integer parameter
ranging from O to 24 across the hours of each sample day. For long-term
uncertainties, such as CTM prices, the budget represents the number of
sample days subject to worst-case values and ranges from O to 4. By
adjusting these uncertainty budgets, the VPP operator can vary the level
of conservatism in decision-making, from optimistic to pessimistic. In
mathematical terms, the uncertainty budget specifies how many time
intervals allowed to deviate from predicted values for uncertain param-
eters. A smaller budget reflects a more optimistic outlook with limited
variability, whereas a larger budget results in a more conservative
approach by accounting for a wider range of possible fluctuations. For
example, for the DAM price uncertainty, the asymmetric uncertainty
bound is defined as AP4 € [IPA - JP4,jPA + DA where, in general,
4PA 2 }PA. Within this bound, the worst-case DAM prices depend on
the direction of the VPP’s energy trades in a given period. Specifically,
the minimum price represents the worst case when the VPP is selling
energy, while the maximum price represents the worst case when the
VPP is buying energy. For the CTM price uncertainty, an asymmetric
uncertainty bound similar to that of the DAM price is defined as A7 €
[AET — €T ACT + J€T], where, in general, ACT # A°T. For the uncer-

tainty bounds of up/down SRM prices (A,SR'T S [)ZSR’T - ZfR’T,)iSR'T]

and /lf Rl g [/IQIS Ri_ Z,SR’L , jf R’l] ), only negative deviations are con-

sidered. The same applies to the electrical production of RES

P, e[f’ —P P ]) and the
(ng e [Bsr- Pj,F,PSF]).
[Igd,,, Ic’d_, + de,] , only positive deviations are taken into account. This
ensures that the worst-case periods, aligned with the VPP operator’s
chosen strategy or level of conservatism via the uncertainty budgets,
is accurately reflected in the optimization problem. Deviations in the
opposite direction would typically lead to higher profits for the VPP,
which is not the focus of this modeling approach.

thermal production of CSPs

Conversely, for  FDs (Pd,, S

The objective function (10a) incorporates the predefined bounds
of uncertain parameters related to DAM, SRM, and CTM prices. The
lower-level maximization problem in (10a) identifies the worst-case
periods for VPP profit by considering fluctuations in different prices
due to uncertainty. To model the worst-case periods, the time period
sets TPA SR JSRI and TCT are introduced. These sets denote the
periods (or sample days for CTM price) in which price deviations from
the median or upper bound exert the greatest adverse impact on the
VPP’s profit. The VPP operator can adjust the level of conservatism by
controlling the time period sets TPA, 7SR TSR and TC€T using the
uncertainty budgets 'PA, SR1 SR and r¢T. Since the operational
costs of VPP units, and the VPP’s profit for median values of DAM and
CTM prices and the upper bound of SRM prices are unaffected by these
uncertainties, the corresponding terms can be shifted to the upper-level
problem. Furthermore, the auxiliary variables z,°4 and z,“T in (10a)
represent the energy traded in the DAM and the carbon credits traded
in the CTM, respectively. The variables z,”4 and z,“T are constrained
by (10b) and (10c), respectively. These constraints effectively captures
the asymmetric nature of price uncertainties based on the direction
of energy traded in the DAM and carbon credits traded in the CTM.
Egs. (10d)—(10f) model the uncertainties in the electrical production of
RES, thermal production of CSPs, and consumption of FDs, respectively.
These constraints are formulated by integrating the defined uncertainty
bounds for the worst-case periods 7,, T,, and T,. For instance, in
constraint (10d), the worst-case deviation in electrical power due to
uncertainty, P, ,, is subtracted from the upper bound of the forecasted
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value f’,y,. This subtraction is applied only when ¢’ corresponds to period
¢ and is part of the set T, (i.e., ¢ € T,,¢ = 1). The positive nature of the
auxiliary variables is ensured in (10g), while constraint (10h) outlines
the deterministic constraints.

DA DA 2SR.1 SR1 , 3SR _SR| 3CT  CT
_max 2/1, p, A+ Z [/1, AT, ] + Z Ay
- €T €T teJ Day
- 2 Z C,p, At = Z Z Copo, At
teT reR €T 0€O
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-3y [C,_.p[‘,At +CSV S 4 cfﬂufj)] -3 S M, p, 4
teT ceC teT se8 Es
- max JPAz DA 4 JSR1SRE
gba [TPA|=rPA, { ZDA ! ! ZSRI ! i
Fsri TSR |=rSK, 1eT 1eT
SR | TSR = SR
T |TT|=r€T
£ Y gsmsmly Y /1} (10a)
teTSRL 1eTCT
st.
jpa
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jpa
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LT < CT < €T vie 7T (10c)
act
i B p .
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[CAREARAT (P
il <P - max Yy B vo.r  (10e)
’ X {‘\TH |1T,,|:I“5} reT =t X
Pas 2 Py + X Py ¢ s vd,t  (10f)
! ! {7,1| |7.l|:r./} {1’5%’:1 ! }
2P 2T >0 ; v (10g)
(2)-(5), (6b)-(6e), (7b), (8b)—(8g); (10h)

3.2.2. Inner problems reformulation

Although the protection function in (10a) (the maximization term
in the lower level of the objective function) represents the worst-case
periods for uncertain parameters, the selection of values based on the
defined sets can be formulated linearly. To achieve this, Proposition
1 from [41] is applied. Given the optimal values (denoted by the
superscript *) of the upper-level variables z,P4", rtSR‘T*, rtS RI" " and
z,CT", the linear problem (11) is equivalent to the protection function
in (10a). Constraints (11b)—(11e) define the bounds for the auxiliary
variables w, P4, w,S®1, w, SR} and w,“T. These constraints correspond
to the uncertain parameters of DAM, SRM, and CTM prices and are
based on their respective uncertainty budgets '°?4, 'SR, SRl and
TCT. Constraints (11f)-(11i) ensure that the positive auxiliary variables
w, P4, w,SRY ) w, SR and w,“T do not exceed their limits. This pre-
serves the same optimal value for the objective function in (11a) as
the protection function in (10a). Additionally, dual variables for each
constraint are introduced to derive the final MILP formulation.

« M « «
max{ Z AIDAZtDA thA + Z A,SR‘TI',SR'T thR,T
teThA teTSRY

+ Z j;gR’lr;gR’l*thR’l + z Z’CTZICT*LUICT} (11a)
teTSRL 1eTCT
st.
> wPAh <Pt bt (11b)
teTDhA
z w,SR‘T < rSR1 . gSRT (11c)
teTSRT
> w SR <SR §SRL 11d)
teTSRA
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2 w,CT <rer . sT (11e)
1eTCT
0<wPt <1 yPty vt e TP4
(111)
0< w,SR’T <l1: x//tSR’T ; vt € TSR1
(11g)
0< w,SR’l <l1: WISR’l ; vt € TSR
(11h)
OSw,CTslzy/tCT; vt e 7¢T
(11i)

The protection function of electrical production uncertainty in RES
in constraint (10d), is presented as the linear formulation (12). The
objective function (12a) maximizes the deviation in electrical produc-
tion caused by uncertainty during the corresponding period 7 (' € T,,
¢ =1) in (12b). The sum of the auxiliary positive variables w, , for the
corresponding period ¢ and other worst-case periods, which are fixed at
their optimal values, is constrained by the uncertainty budget I'.. The
bound for the auxiliary variable w,  is specified in (12c). It is important
to note that the linear formulation (12) accounts for the temporal
constraints of the uncertain parameter across all time periods of each
sample day. This contrasts with the approach in [3], which defines the
worst-case value of the uncertain parameter within a single period. This
approach enables the VPP to adjust a single uncertain parameter for
each sample day, rather than managing multiple parameters for each
time period and uncertain parameter.

The equivalent linear formulations for selecting the worst-case pe-
riods in constraints (10e)-(10f), which address uncertainties in CSPs
thermal production and FDs consumption, respectively, can be de-
rived in a manner similar to (12). These formulations are provided in
Appendix D.

max Z f’,’,/ W,y s Vr,t (12a)
eT, =t
st.
Z W, + 2 w’:’t, <I,:6,; (12b)
eT, =t eT, V#t
0w, <1:iy.,; v e T, ' =t (12¢)

3.2.3. MILP formulation

By leveraging strong duality [42] on the linear formulation in (11),
its dual problem can be substituted in place of the protection function
in the objective function (10a). Similarly, the protection functions
in constraints (10d)-(10f) are replaced with their dual formulations,
leading to the final MILP problem in (13). The first to third lines of the
objective function (13a) represent the deterministic components. The
fourth and fifth lines account for the adverse effects of uncertainties
in the DAM, SRM, and CTM prices. Constraints (13b) and (13c) model
the asymmetric deviations of DAM and CTM price uncertainty, respec-
tively. The dual constraints of the linear problem (11) are expressed in
Constraints (13d)-(13g). Constraint (13h) defines the upper limit for
the electrical production of RES while incorporating uncertainty. Since
the term I, — Yoeq vy wy, in (12b) can only take a value of zero or
one, depending on the number of worst-case periods in its defined set,
a new binary variable y,, is introduced to represent these conditions.
Additionally, a new positive auxiliary variable z,, is defined in (13h).
It is constrained in (13i) using the big-M method [42] to represent the
dual term y, 6, + y,,. Constraint (13]) represents the dual constraint
of the linear problem associated with RES electrical production un-
certainty in (12). Constraint (13k) determines the uncertainty budget
for the electrical production of RES. Constraints (131)—-(130) address
the CSPs thermal production uncertainty, while constraints (13p)-(13s)
handle the FDs consumption uncertainty. These constraints are struc-
tured similarly to the electrical production uncertainty constraints for
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RES in (13h)-(13k). The key distinction is that, for FDs, the worst-
case uncertainty leads to an increase in these parameters, whereas for
RES electrical production and CSPs thermal production, it results in a
decrease. The nature of the positive and binary variables is specified
in (13t)—(13v), and the deterministic constraints are declared in (13w).

It is important to highlight that the refined MILP problem in (13)
is designed to flexibly incorporate uncertainties in both the objective
function and constraints. This is achieved by adjusting the uncertainty
budget defined for temporal constraints. Section 4 presents multiple
case studies that thoroughly evaluate the proposed approach in terms
of its computational efficiency and ability to manage varying levels of
uncertainty.
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EDA+SR+CT
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3.2.4. Uncertainty bounds estimation

Uncertainty bounds for uncertain parameters can be established
using different techniques. Common approaches include analyzing his-
torical datasets that contain observational and measurement infor-
mation. Other techniques involve applying parametric distributions
to characterize uncertainty and utilizing resampling methods such as
bootstrapping [43]. Historical data, derived from prior measurements
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Algorithm 1 MILP model workflow for VPP participation in the DAM, SRM,
and CTM.

1: Input: Technical data of units; emission quotas; market data; uncertain
data including forecasted generation profiles (RES, CSP); FD consumption;
and DAM, SRM, and CTM prices.

2: Initialize: Model parameters; decision variables related to DAM, SRM, and
CTM.

3: Formulate MILP:

+ Objective function: Maximize the VPP’s revenue minus operational
costs, including:
5 — Revenue from electricity trading in DAM and SRM
6: - Revenue from carbon credit trading in the CTM
7: — Operational costs of RES, CSP, and TPP
8: — Operational and degradation costs of ES
9: « Subject to:

B

10: — Supply-demand balance constraints

11: — Carbon credit constraints

12: — Technical constraints of units (RES, CSP, TPP, ES, and FD)

13: — Uncertainty constraints related to market prices (DAM, SRM, CTM)
14: - Uncertainty constraints related to unit operation (e.g., RES and CSP

production, FD consumption)
15: Solve: Use an MILP solver (e.g., CPLEX) to obtain the optimal solution.
16: Output: VPP energy and reserve trade results; carbon trading outcomes;
unit schedules; carbon emissions; and detailed cost and profit breakdowns.

and observations, serves as a valuable resource for uncovering trends
and statistical relationships. The approach adopted in this study for
setting uncertainty bounds is illustrated in Fig. 3. Specifically, a one-
year dataset is compiled for each uncertain parameter, and the values
are analyzed on an hourly basis. The four sample days are constructed
based on this historical data to reflect typical seasonal characteristics
of the uncertain parameters. For each hour, the median, along with
the 20th and 80th percentiles, is calculated to represent the central
tendency and the lower and upper bounds, respectively. This percentile-
based method helps avoid overly conservative estimates while still
capturing the typical range of variation. These statistical bounds serve
as the foundation for the RO approach, where constructed sample days
represent typical seasonal behavior, instead of using data from specific
historical calendar days.

3.2.5. Model workflow summary

The overall modeling workflow is summarized in Algorithm 1,
which outlines the inputs, optimization structure, and outputs of the
MILP formulation. It illustrates the role of technical and market data
in defining the optimization problem and provides a high-level view
of the model’s process for determining optimal scheduling, market
participation, and emissions trading decisions for the VPP.

4. Case studies

This section outlines the simulation outcomes of the proposed RO
model applied to the DAM, SRM, and CTM. The simulations are carried
out on a VPP that includes a WF, a solar PV plant, a CSP equipped with
TS, a TPP, a Li-ion ES, and an industrial FD. Forecast bounds for the
electrical output of the WF and solar PV, along with the thermal output
of the CSP, are shown in Fig. 4 for four sample days. These bounds are
generated using the methodology in Section 3.2.4. Historical data from
CIEMAT Spain [44] is used for solar PV and CSP, and from Iberdrola
Spain [45] for the WF. Each sample day represents a season and is
weighted equally with the other sample days. Both the WF and solar
PV plant have nominal capacities of 50 MW, with respective operating
costs of 15 €/MWh and 10 €/MWh. The technical specifications of the
CSP are detailed in Table 2, based on data also from [44], and it incurs
an operating cost of 25 €/MWh. All unit operating costs have been
levelised according to the estimated project costs of various generation
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Fig. 3. Using historical data to establish the bound of uncertain parameters.
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Fig. 5. The forecast bounds of industrial FD.

technologies, as reported in [46]. The specifications of the Li-ion ES are
taken from [36] and provided in Table 3, while the details of the TPP
are sourced from [35] and summarized in Table 4. The electrical energy
consumption of the industrial FD is depicted in Fig. 5, based on three
distinct consumption profiles derived from the hourly data in [38]. A
flexibility margin of 10% is assumed for each base profile. The carbon
emission factor of industrial FD is 0.4 tons CO,/MW. The CO, emission
quotas for TPP and industrial FD, based on their maximum generation
and consumption levels, are 10 and 15 tons CO,/MW, respectively. The
carbon emission data for the TPP and industrial FD are estimated based
on information from [34]. The forecast bounds for electricity prices
in the DAM and SRM, along with the CTM price, are extracted from
historical data reported in [47,48] and illustrated in Fig. 6. The main
parameters used in the model are summarized in Table 5.

It is worth noting that each sample day corresponds to a differ-
ent season and reflects the expected operating conditions during its
respective time periods. For example, as shown in Fig. 4, the second

12

and third sample days are characterized by high availability in PV
and CSP output, which are typical of spring and summer. Conversely,
the first and fourth sample days show lower production and greater
variability, representative of winter and autumn conditions. Similarly,
as seen in Fig. 5, the FD profiles also follow seasonal patterns, with
higher consumption and greater fluctuations occurring on the first and
third sample days.

Table 6 outlines the assumed uncertainty budgets assigned to vari-
ous uncertain parameters across the case studies. Given that the solar
PV production and the thermal power input of the SF in CSP are
inactive during nighttime hours, they are allocated lower uncertainty
budgets. This approach ensures a uniform proportion of hours with
deviations across the entire simulation period for all uncertain parame-
ters. It is important to note that the uncertainties are defined over two
different temporal scopes. The DAM price, SRM price, RES production,
CSP thermal production, and FD are modeled on an hourly basis for
each season. In contrast, the CTM price is defined on whole seasons.
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Table 2
CSP data.
SF/Turbine Value Molten salt TS Value
SF maximum thermal power output [MW] 300 Maximum thermal energy [MWh] 1100
Turbine maximum thermal power input [MW] 140 Minimum thermal energy [MWh] 110
Turbine maximum electrical power output [MW] 55 Dis/charging thermal power [MW] 115/140
Turbine minimum up/down time [hour] 3/2 Dis/charging efficiency [%] 95
Table 3 sensitivity analysis is provided to examine the total profit of the VPP
Li-ion ES data. and carbon emissions from VPP units under different combinations
Parameter Value and values of uncertainty budgets. In the third case study (Case 3),
Dis/charging power [MW] 15/15 the traded carbon credits of the proposed model are compared with
Maximum/minimum energy [MWh] 50/5 those from the model in [21] across varying levels of allowed carbon
Installation and expected operational costs [M€] 15 credits. Furthermore, the profitability and carbon emissions of the VPP
Degradation coefficient [-] 104 . th d hi d hichlieht the b 6 £ th
Dis/charging efficiency [%] o5 using the proposed approach is assesse to highlig t e bene 1t.s of the
intertemporal approach over the daily approach. It is worth noting that
Table 4 the reason for selecting Ref. [21] as the benchmark is that several other
TPP data. studies, including [3,18,22,30,31], employ a similar carbon trading
Parameter Value mechanism but are limited to a single sample day. While [21] also
Maximum,/minimum power output [MW] 50720 adopts the same c?rbon trading constr..eunt.s, it extends. the quellng
Startup/shutdown cost [€] 500,200 framework to multiple sample days, which is more consistent with the
Operation cost [€/MWh] 60 multiple-sample-day structure used in this paper.
Minimum up/down time [hour] 3/1 All simulations are conducted on a Dell XPS laptop equipped with
Emission factor [tons CO,/MW] 0.2 an Intel i7-1165G7 2.8 GHz processor and 16 GB of RAM, using the
Table 5 CPLEX solver within the GAMS 49 environment. The proposed model is
able . . formulated as an MILP problem and is solved using the branch-and-cut
Summary of main parameters used in the model. R . .
algorithm employed by CPLEX. Across all tested case studies, the maxi-
Parameter PV WF CSP TPP ES FD VPP . . . . . .
mum computation time remains below five minutes, demonstrating the
;“ [[11\\’[/[“’,\]\]]11] 50 50 55 50 ég ggo - computational efficiency and tractability of the proposed RO approach
C. [€/MWh] 10 15 25 60 30 - B for.multl—market operaFlon while accounting for 11'1tertempora1 inter-
RS® [MW/min] 5 10 10 15 5 - actions. Further analysis of the model’s computational performance,
1, [%] - - 95 - 95 - - including the evolution of solution time and optimality gap under
x [%] - - - - - - 20 different VPP operator strategies, is provided in Section 4.2.
a, [tons CO,/MW] - - - 0.2 - 0.4 -
1, [tons CO,/MW] - - - 10 - 15 -
TSR [min] - - - _ _ _ 15 4.1. Case 1

Three case studies are performed to evaluate the effectiveness of
the proposed model. The first case study (Case 1) focuses on the
scheduling of VPP units, their carbon emissions, and the traded elec-
trical energy and carbon credits in the deterministic strategy. It also
examines how carbon credits are allocated across all sample days in
the proposed model. The second case study (Case 2) investigates the
ability of the proposed RO approach to manage various uncertainties.
These include the DAM price, SRM price, CTM price, RES production,
thermal output of CSP, and FD consumption. This case also analyzes the
traded energy, reserve, and carbon credits under three different VPP
operator strategies: optimistic, balanced, and pessimistic. Moreover, a
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Fig. 7 presents the traded electrical energy and reserve of the VPP
in the DAM and SRM. It also shows the cumulative electrical energy
output of the VPP units for the deterministic Case 1 across different
sample days. The figure shows that on the first sample day, during
hours 7-10, the VPP purchases energy in the DAM to supply its morning
demand. This is because the output from the solar PV and CSP units is
low during this period. At hour 9, the ES discharges to reduce the need
for purchasing energy when electricity prices peak during the morning
load hours. The CSP begins generating electricity at hour 11, and from
that point onward, the VPP primarily becomes a net energy seller due
to the increased availability of its generating units. On this sample day,
Profile 1 in Fig. 5 is selected for the FD. As a result, the VPP can sell a
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Table 6
Uncertainty budgets corresponding to different VPP strategies: optimistic, balanced, and pessimistic.
Strategy DAM/SRM CTM WF PV CSP thermal FD
price price production production production consumption
Optimistic 4 1 4 3 3 4
Balanced 8 2 8 6 6 8
Pessimistic 12 3 12 9 9 12

larger amount of energy between hours 20-22, when electricity prices
are higher (see Fig. 6). Additionally, at hour 20, the TPP starts up and
begins producing energy, enabling the VPP to leverage the elevated
electricity prices during hours 20-22. During hours 20-23, the CSP
continues to generate energy. The ES also discharges at hour 20, further
increasing the VPP’s profit during the high-price hours.

On the second sample day, the VPP purchases energy in more hours
compared to the first sample day, as the electricity price is very low
during certain periods. Profile 3 of FD, shown in Fig. 5, is selected for
this sample day. This profile features higher demand in the late hours,
which aligns with the low electricity prices observed between hours
11-19 (see Fig. 6). During these hours, the VPP does not provide down
reserve in the market, as most of its renewable production is curtailed.
The VPP primarily sells energy during hours 8-11 and 22-24, when
electricity prices are high, using various technologies such as WF, solar
PV, CSP, and ES. During hours 22-24, the VPP provides more down
reserve than up reserve. This is because most of its renewable units
with production (WF and CSP) operate at maximum output, and the
TPP is shut down in this sample day. In the third sample day, the TPP
generates electricity for a greater number of hours—specifically, from
hours 1-11 and 19-24. Additionally, RES such as solar PV and CSP
exhibit high production after hour 9. Consequently, the VPP achieves a
high production level and acts as an energy seller throughout the entire
sample day. Moreover, due to the elevated generation levels across its
units, the VPP provides more down reserve than up reserve. On the
fourth sample day, the available energy from solar PV and CSP is lower
compared to the second and third sample days. Therefore, the VPP
operates the TPP throughout all time periods to take advantage of the
high electricity prices observed on this sample day. Furthermore, as all
VPP units are in operation, the VPP has sufficient capacity to offer both
up and down reserves in most time periods.

Fig. 8 illustrates the contribution of each technology to the reserve
provision, offering a more detailed insight into the VPP’s reserve pro-
vision strategy. The figure shows that on the first and second sample
days, the TPP either does not produce energy or operates for only a
few hours (e.g., hours 20-22 on the first sample day). As a result, the
main up reserve providers are the CSP and ES units, which can store
energy for later use in case reserve requirements arise. The FD also
contributes to the up reserve during some hours, although at a lower
level compared to the CSP and ES. On both the first and second sample
days, the amount of down reserve provided is lower than that of up
reserve during most of the hours. The down reserve during these sample
days is mainly supplied by the WF and solar PV units. However, during
specific hours (hours 20-23 on the first sample day and hours 21-24
on the second sample day), the TPP and CSP also contribute to down
reserve provision. This is due to their high production levels and their
availability to reduce output if needed. Additionally, the ES contributes
to down reserve in a few hours (hours 2, 3, and 20 on the first sample
day, and hours 1 and 22 on the second sample day) to enhance the
profitability of the VPP. On the third sample day, since the VPP units
operate close to their maximum capacity, the up reserve provided is
relatively low and is mainly covered by the ES and FD. However, most
of the VPP units contribute to down reserve provision. On the last
sample day, in addition to CSP, ES, and FD, the TPP plays a significant
role in up reserve provision during some hours. A substantial amount
of down reserve is also provided throughout this sample day, with the
participation of most of the technologies.
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Fig. 9 illustrates the carbon emissions of the TPP and the industrial
FD. It also shows the traded carbon credits and the carbon credit
allowances across different sample days in deterministic Case 1. In the
proposed model, the VPP’s allowable carbon emissions are adjusted
daily based on its actual emission levels. Accordingly, the sum of the
VPP’s total emissions across all sample days and the traded carbon cred-
its must remain below the total carbon allowance. Under the proposed
approach, the VPP is only permitted to sell the surplus between its car-
bon credit allowance and actual emissions in the CTM. This restriction
prevents profit generation through price arbitrage across different sam-
ple days. However, if the VPP emits more than its carbon allowance, it
must purchase the excess credits from the market. The figure shows that
carbon emissions from the TPP are kept minimal or zero in the first and
second sample days, respectively. The higher TPP output on the third
and last sample days leads to increased emissions aimed at enhancing
VPP profitability. The industrial FD records its lowest emissions on
the second sample day and its highest on the third. Notably, the VPP
chooses to sell excess carbon credits on the last sample day, when the
CTM price is higher compared to the other sample days (see Fig. 6).

4.2. Case 2

Fig. 10 presents the traded electrical energy of the VPP under differ-
ent uncertainty-handling strategies in Case 2. Under the deterministic
strategy, the VPP bids the highest amount of energy for sale in the
DAM. It also bids the lowest amount for purchase during most hours,
compared to the optimistic, balanced, and pessimistic strategies. In
the optimistic strategy, the traded energy substantially differs from
the deterministic case, but only during a few hours. For instance,
on the first sample day between hours 16-23, the amount of energy
sold decreases compared to the deterministic strategy. On the second
sample day, hours 8, 19, and 21-23 show the most notable changes
in traded energy. These hours typically correspond to high electricity
prices (see Fig. 6), where uncertainty can significantly influence the
VPP’s profitability. On the third sample day, the traded energy is most
affected during hours 6 and 10-14. As shown in Fig. 6, significant
negative DAM price deviations during hours 10-14 compel the VPP
to reduce its market participation. Conversely, during hour 6, the VPP
increases its traded energy, suggesting a preference for operating in
hours with lower uncertainty. A similar trend is observed on the last
sample day. The optimistic strategy results in a substantial reduction of
traded energy during hours 11-14, 18, and 19, while only a few hours
— such as hour 22 — exhibit increased trading activity compared to the
deterministic case. In the balanced and pessimistic strategies, a greater
number of hours are selected as worst-case periods. Consequently, more
significant changes in the traded energy of the VPP occur compared
to the deterministic and optimistic strategies. In some instances, even
the direction of traded energy is reversed. For example, on the first
sample day under the pessimistic strategy, the VPP purchases energy
in the DAM during hours 11-13 and 15-18, whereas it was a seller in
the deterministic case. On the last two sample days, however, the VPP
remains an energy seller in all hours, even under the pessimistic strat-
egy. This is because all VPP units are available for energy production
during these sample days, allowing different units to compensate for
each other’s energy shortfalls.

Fig. 11 shows the traded up and down reserves while considering
different uncertainty-handling strategies in Case 2. A reduction in
energy production by VPP units can create additional capacity for up
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Fig. 9. Carbon emission of different VPP units and traded carbon credits in Case 1.

reserve provision while simultaneously lowering the available capacity
for down reserve. For example, on the first sample day between hours
1-4, the up reserve provided by the VPP under the balanced and
pessimistic strategies increases compared to the deterministic strat-
egy. Similarly, the down reserve during hours 2-3 is reduced across
all non-deterministic strategies (optimistic, balanced, and pessimistic)
compared to the deterministic strategy. This is because the reserve
provision by the VPP is influenced not only by SRM price uncer-
tainty but also by other factors, such as the energy traded in the
DAM. Specifically, during hours 1-4 in the balanced and pessimistic
strategies, the traded energy is reduced compared to the deterministic
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strategy. This reduction leads to increased up reserve and decreased
down reserve. This mutual interaction between energy and reserve
provision under uncertainty is also observed during hours 12-18 on the
third sample day. In this period, energy provision in the DAM decreases
under uncertainty (see Fig. 10), while the up reserve increases and the
down reserve decreases (see Fig. 11). However, there are also instances
where uncertainty negatively impacts the VPP’s participation in both
the DAM and SRM—including traded energy, up reserve, and down
reserve. For example, during hours 12-18 on the last sample day, all
these variables decrease across the optimistic, balanced, and pessimistic
strategies compared to the deterministic strategy.
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Fig. 11. Traded up and down reserves by the VPP under different uncertainty-handling strategies in Case 2.

Fig. 12 shows the carbon emissions of VPP units and the traded car-
bon credits as a function of the CTM price, under different uncertainty-
handling strategies in Case 2. When uncertainty is considered, in-
dustrial demand consumption generally increases, leading to higher
emissions. As a result, the industrial FD produces the highest emissions
under the pessimistic strategy across all sample days. However, under
more conservative strategies, the VPP tends to generate less energy
through the TPP, resulting in reduced emissions from that unit. The
reduced production of VPP units, particularly the TPP, is driven by
uncertainty in DAM prices. This uncertainty lowers profitability and
leads to a decrease in energy production. This figure also shows that,
in some strategies, the VPP prefers to trade carbon credits on a sample
day other than the last one. Although the CTM price is highest on
the last sample day, the associated uncertainty may impact this price.
Therefore, under the optimistic strategy, the VPP opts to sell part of
its carbon credits on the third sample day to avoid potential price
fluctuations on the last sample day.

Fig. 13 illustrates the computational performance of the proposed
model, displaying the objective function value and optimality gap
over time for various VPP operator strategies. The marked points on
the graph indicate the solver’s objective value and optimality gap at
different iterations. The results show that the optimality gap decreases
efficiently and that the objective function converges rapidly toward its
final optimal value. For instance, in all strategies, the optimality gap
falls below 0.01 p.u. within 20 s. These findings confirm the robustness
and efficiency of the proposed model in reaching optimal solutions
under different uncertainty-handling strategies.
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Fig. 14 presents the sensitivity analysis of the total profit of the VPP
for different combinations and values of uncertainty budgets in Case 2.
These include uncertainties related to energy (i.e., solar PV and WF
electrical production, CSP thermal production, and FD consumption),
uncertainties related to price (i.e., DAM, SRM, and CTM prices), and a
combined price & energy uncertainty case, which includes all sources of
uncertainty. The uncertainty budgets for all uncertain parameters range
from O to 24, except for the CTM price, which varies from 0 to 4. To
present all cases on a consistent x-axis, the uncertainty budget is nor-
malized and shown in per-unit (p.u.) terms, where 1 p.u. corresponds
to the maximum possible budget (i.e., 24 for most uncertainties, and
4 for the CTM price). The figure shows that as the uncertainty budget
increases, the VPP’s profit decreases. This is because the VPP adopts
more conservative bidding strategies in response to higher uncertainty.
The decline is more pronounced when all uncertainties are considered,
compared to cases with only price or only energy uncertainties. For
instance, when all uncertainties are active, profit decreases by 37.8%,
59.3%, 71.6%, and 77.5% at uncertainty budgets of 0.25, 0.5, 0.75,
and 1 p.u., respectively, relative to the deterministic case (0 p.u.).
In comparison, when only price-related uncertainties are considered,
the profit reductions are 21.1%, 32.4%, 40.4%, and 44.7%, while for
energy-related uncertainties, the reductions are 19.4%, 31.9%, 38.6%,
and 42.3%, respectively.

Fig. 15 shows the sensitivity analysis of carbon emissions from the
VPP units in Case 2 for different uncertainty budgets, defined similarly
to those in Fig. 14. The results indicate that as the uncertainty budget
increases, carbon emissions from the TPP generally decrease under
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Fig. 12. Carbon emissions from VPP units and carbon credit trading under different uncertainty-handling strategies in Case 2.
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two uncertainty combinations: price, and price & energy. This occurs
because the VPP adopts a more conservative market strategy under
higher uncertainty, leading to reduced energy sales and, consequently,
lower production and emissions from the TPP. In contrast, when only
energy-related uncertainties are considered, emissions from the TPP
remain mostly constant across the uncertainty budget range. This sug-
gests that, to compensate for energy shortfalls from RES, the VPP
prefers to reduce its market sales rather than increase the output of
the TPP. However, a smaller reduction in emissions is observed when
both price and energy uncertainties are considered compared to the
case with only price uncertainties. This suggests that the VPP is less
inclined to further reduce TPP output to cover energy shortages from
the RES. Therefore, the extent of TPP production reduction depends on
the specific combination of uncertainties considered.

The results for FD in Fig. 15 emissions show that they are primarily
influenced by energy uncertainties. As the energy uncertainty budget
increases, the FD’s energy consumption — and therefore its emissions —
also increase. Conversely, when only price uncertainties are considered,
the VPP tends to keep FD consumption low across all uncertainty
levels to minimize emissions. Total emissions, defined as the sum of
emissions from the TPP and FD, can either increase or decrease with
a rising uncertainty budget, depending on which uncertainties are
considered. When only energy uncertainties are accounted for, total
emissions increase with the uncertainty budget, mainly due to the
growing FD emissions. When only price uncertainties are included, total
emissions tend to decrease, driven by reduced TPP output and stable
FD consumption. Finally, when both price and energy uncertainties are
considered, total emissions initially rise — due to the dominant effect
of increasing FD emissions — but eventually decline as FD emissions
saturate, while the decreasing TPP emissions become more dominant.

4.3. Case 3

Fig. 16 compares the VPP’s traded carbon credits under varying
carbon credit allowances (0%-100% relative to Cases 1 and 2), using
both the proposed model and the model in [21], in Case 3. These vary-
ing allowances represent future outlooks with higher RES integration
and, consequently, reduced free carbon allocations for polluting units.
In [21], carbon credit trading is modeled for four sample days with-
out considering their interactions. Therefore, for comparison purposes,
credit transactions are assumed to be independent for each sample
day in the simulations of the model in [21]. In contrast, the proposed
model requires that the cumulative carbon credit balance be satisfied
only by the end of the last sample day. This approach provides the
VPP with greater flexibility to optimize carbon credit trading when
CTM prices are more favorable. Under a 100% carbon allowance in
the proposed model, the VPP sells its surplus carbon credits on the
last sample day, when the CTM price is highest. In contrast, in [21],
the VPP has excess credits during the first and second sample days
and sells these credits on the corresponding sample days. On the
third and last sample days, the VPP emits more carbon and thus has
little to no surplus credit to sell in the CTM. In particular, during
the last sample day, the emissions from the VPP exceed the allowed
carbon credits, requiring the purchase of additional credits. As the
allowed carbon credit decreases from 100% to 0%, the VPP increasingly
relies on purchasing carbon credits from the market. In the proposed
model, the VPP strategically chooses to purchase its required carbon
credits on the first sample day, when the CTM price is relatively low.
However, in [21], credit purchases are made independently on each
sample day without considering prices across the time horizon. For
instance, under the 25% carbon allowance, the VPP in [21] purchases
the highest amount of carbon credits during the last period—when
both emissions and CTM prices are highest. Therefore, the strategy in
[21] overlooks a key advantage: the ability of the VPP to offset high-
emission sample days by acquiring credits on lower-cost sample days.
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The proposed model captures this intertemporal flexibility, enabling
more cost-effective carbon credit management.

Table 7 compares the carbon emissions from VPP units under the
proposed approach, the model in [21], and a baseline case in which
neither CTM nor carbon constraints are considered. Comparing the
proposed approach with the case where CTM is not considered, car-
bon emissions from the FD are reduced by 15.8%, 12.1%, 9.9%, and
7.9% under the deterministic, optimistic, balanced, and pessimistic
uncertainty-handling strategies, respectively. For the TPP, the corre-
sponding reductions are 20.3%, 6.0%, 10.8%, and 15.1%. The total
carbon emissions of all units are reduced by 17.3%, 10.5%, 10.2%, and
10.0% under the same strategies. These results highlight the importance
of including carbon emission constraints to support carbon neutrality
goals. Compared to the model in [21], the proposed approach achieves
equal or lower carbon emissions. To better understand the effect of
intertemporal carbon trading on emission reduction, the absolute dif-
ferences in carbon emissions between each approach and the baseline
without considering CTM are compared. For the TPP, the emission re-
ductions in the model in [21] are 102, 25.5, 32.4, and 58.8 tons of CO,
for the deterministic, optimistic, balanced, and pessimistic strategies,
respectively. In comparison, the proposed approach yields reductions
of 112, 25.5, 45.4, and 67.3 tons of CO,, which are 9.8%, 0%, 40.1%,
and 14.5% higher than those achieved by the model in [21]. For
the total emissions of all units, the corresponding improvements are
3.5%, 0%, 8.9%, and 5.7%. The superior performance of the proposed
approach is attributed to its ability to account for intertemporal carbon
credit trading. Unlike the model in [21], which considers the carbon
price only on each individual sample day and may allow high-emission
operation when CTM prices are low, the proposed model enables the
VPP to optimize across multiple sample days, storing credits when
prices are low and trading them when prices are high. This flexibility
enables more effective trading and leads to lower overall emissions.

Table 8 compares the VPP’s total profit and the profit or cost of
trading in the CTM (with negative values indicating cost) in Case 3.
The results show that the proposed approach improves the VPP’s total
profitability compared to the model in [21]. For 100%, 75%, 50%,
25%, and 0% allowed carbon credits, the increases are 5.8%, 9.2%,
22.6%, 51.0%, and 150.7%, respectively. Additionally, the proposed
model achieves a greater profit increase or cost reduction in the CTM
compared to the model in [21], with improvements of 55.3%, 44.5%,
32.4%, 29.9%, and 29.0%, respectively, for the same carbon credit
allowances. The 29-55.3% increase in CTM profit in the proposed
model is achieved by allowing carbon credit trading across multiple
sample days rather than limiting it to daily trading. Unlike the model
in [21], which restricts trading decisions to the same sample day the
emissions are generated, the proposed approach adopts a more flexible
intertemporal decision-making framework. This enables the VPP to off-
set emissions from high-pollution sample days by purchasing credits on
sample days with lower carbon costs, or to sell excess credits on sample
days with higher CTM prices. These results highlight the importance of
the proposed model in enhancing the VPP’s profitability by adopting an
optimized strategy across all sample days for participation in the CTM.

Fig. 17 presents various financial metrics of the VPP for different
levels of allowed carbon credit in Case 3. The revenue sources include
energy trading in the DAM, reserve trading in the SRM, and carbon
credit trading in the CTM. If the VPP purchases carbon credits from the
CTM, this appears as a negative value in the figure, representing a cost.
The figure also shows the operational costs of the VPP units and the
robust cost. The robust cost reflects the negative impact of deviations
in the DAM, SRM, and CTM prices on the objective function (13a), as
defined in Section 3.2.3. The total profit of the VPP is calculated as
the sum of all revenues minus the operational and robust costs. The
figure shows that, across all levels of allowed carbon credit, most of
the VPP’s revenue comes from energy trading in the DAM. The results
also demonstrate that, under the proposed approach — which accounts
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Table 7
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Carbon emissions of VPP units for the proposed model and the model in [21] in Case 3.

Strategy FD carbon emission [tons CO,] TPP carbon emission [tons CO,] Total carbon emission [tons CO,]
W/o CTM This paper Model [21] W/o CTM This paper Model [21] W/o CTM This paper Model [21]
Deterministic 1165.8 981.0 981.0 552.0 440.0 450.0 1717.8 1421.0 1431.0
Optimistic 1148.2 1008.9 1008.9 423.3 397.8 397.8 1571.5 1406.7 1406.7
Balanced 1143.8 1030.2 1030.2 419.3 373.9 386.9 1563.2 1404.1 1417.1
Pessimistic 1137.0 1046.6 1046.6 445.1 377.8 386.3 1582.2 1424.3 1432.8
500 @ DAM revenue B SRM revenue CTM revenue (cost)
400 M Operation cost Robust cost ==Total profit (This paper)
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Fig. 17. The VPP financial metrics by considering different allowed carbon credit level in Case 3.

Table 8
The VPP total profit and CTM profit for the proposed model and the model in
[21] in Case 3.

Allowed credit [%]

Total profit [k€] CTM profit (cost) [k€]

This paper Model [21] This paper Model [21]
100 128.7 121.6 18.8 12.1
75 106.6 97.6 -5.6 -10.1
50 88.2 71.9 -21.9 -32.4
25 69.8 46.2 -38.3 -54.7
0 51.4 20.5 -54.7 -77.1

for intertemporal carbon trading — the revenue from carbon credit sales
by the VPP when it acts as a seller (e.g., at 100% allowed credit) is
higher than in [21]. Conversely, when the VPP purchases carbon credits
(e.g., for 0%-75% allowed credit), its costs are lower than in [21]. As
a result, the proposed model achieves a higher total profit across all
levels of allowed carbon credit compared to the approach in [21].

4.4. Future work, validation, and practical considerations

Future work will focus on validating and extending the proposed
model using additional real-world operational data from existing VPPs
or regional energy systems, ensuring compliance with current ETS
regulations and practical aggregator capabilities. For instance, histor-
ical market prices, carbon allowance trading records, and unit-level
generation and emissions data — similar to those already used in this
study — could be leveraged to calibrate and test model performance
under diverse operating conditions.

To align with ETS policies, the model’s intertemporal carbon credit
trading logic could be adapted to reflect jurisdiction-specific rules on
banking, borrowing, or credit expiration. Aggregator-specific limita-
tions, such as transaction caps, minimum bid sizes, or participation
thresholds, could be incorporated as additional operational constraints.
These enhancements would help ensure that the model’s recommenda-
tions remain feasible in real market settings.

From a methodological perspective, advanced stochastic modeling
approaches could be explored to capture intertemporal CTM price
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volatility while preserving computational tractability. Incorporating
such methods would allow the model to account for a wider range
of possible price trajectories, quantify probabilistic risk measures, and
improve decision-making under uncertainty. Future work could also
extend this framework by incorporating a larger set of sample days
to more accurately approximate real-time operational dynamics. Col-
laborations with industry stakeholders or access to open datasets from
system operators (e.g., ENTSO-E, EU ETS registries) could further im-
prove practical relevance and credibility. Finally, implementing the
model in a live pilot setting would provide valuable insights into
operational feasibility, cost-emissions trade-offs, and decision-support
value for VPP operators under actual market and policy conditions.

5. Conclusion

In this paper, a novel two-stage robust model is proposed for the
DAM and SRM participation of VPP, as well as for trading carbon
credits in the CTM. The VPP in this model includes both renewable
units — such as a wind farm, solar PV plant, and CSP equipped with
thermal storage — and electrical storage, as well as polluting units, such
as a TPP and industrial flexible demand. Unlike existing models in the
literature, the proposed model incorporates carbon credit trading over
four sample days, accounting for their interactions. This allows the VPP
to offset its emissions on a particular sample day by trading on other
sample days and to leverage differences in CTM prices across sample
days to sell extra carbon credits. Multiple uncertainties related to DAM,
SRM, and CTM prices, as well as renewable energy production and
demand consumption, are incorporated into the optimization problem.
Three case studies are conducted to demonstrate the applicability of
the proposed approach, exploring different countermeasure strategies
against uncertain parameters and investigating the effects of varying
carbon credit allowances for the polluting units of the VPP.

The simulation results show that the VPP schedules its units across
different sample days based on their available energy to maximize
profitability by trading various commodities in the markets. Specifi-
cally, on sample days when the predicted electricity price is low, the
VPP either does not operate the TPP unit or operates it for only a
few hours to minimize carbon emissions. However, on sample days
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when electricity prices are high or renewable energy production is
insufficient, the VPP takes advantage of the TPP to increase profitability
in the market. The results also show that CSP and electrical storage
contribute significantly to providing up reserve in the SRM, owing to
their ability to store energy. The down reserve is provided by most of
the VPP units, depending on their availability. Furthermore, adopting
more conservative strategies in response to uncertain parameters leads
the VPP to sell less electricity when acting as a seller and to purchase
more when acting as a buyer in the DAM. The up and down reserves
provided by the VPP can be mutually affected by the traded energy
in the DAM. Specifically, when the sold energy of the VPP decreases
in the DAM due to uncertainty, up and down reserves can increase
and decrease, respectively, due to more or less capacity for providing
each reserve from the VPP in the market. The simulation also shows
that, with the proposed approach, the VPP leverages CTM price dif-
ferences between sample days by trading its extra or required carbon
credits on sample days with more favorable prices. This leads to an
increase in total profitability and CTM profitability by 5.8-150.7% and
29.0-55.3%, respectively, compared to models in the literature where
the interactions between different sample days are neglected.
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Appendix A. Detailed nomenclature

This appendix contains the complete nomenclature, offering com-
prehensive definitions of all variables and parameters employed in the
study.

Detailed Nomenclature

Indexes and Sets

celC Set of TPPs

deD Set of FDs

meM Set of daily load profiles

reR Set of RES

sES Set of ESs

teTJ Set of time periods in each sample day

teJer Set of sample days in which the worst
case of CTM price uncertainty occurs

t € TPA/SR Set of time periods in which the worst
case of DAM/SRM price uncertainty
occurs

t € Py Set of sample days
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teTy

teJy,

ted,

N=NC}

EDA+SRCT get of decision variables of DAM, SRM,

Parameters

SD
Cer
CC

r(0)

TSR

UT,/DT,

&

Ay

Bas
[DA/SR/CT
Iy

T,

()

At
Ny

Mg

Set of time periods in which the worst
case of CSP # thermal production
uncertainty occurs

Set of time periods in which the worst
case of FD d consumption uncertainty
occurs

Set of time periods in which the worst
case of RES r electrical production
uncertainty occurs

Set of CSPs

and CTM

Shut-down costs of TPP ¢

Start-up costs of TPP ¢

Operation and maintenance costs of
TPP ¢

Operation and maintenance costs of
RES r (CSP 6)

Installation and expected operational
costs of ES s

Electrical energy consumption of FD d
throughout the time horizon
Electrical energy capacity of ES s
Start up electrical output multiplier of
turbine of CSP

Big positive value

Coefficient of degradation of ES s
Number of initial periods during
which TPP ¢ must be offline/online
Electrical power consumption of FD d
Thermal power production forecast of
SF of CSP ¢ during period ¢

Electrical power production of TPP ¢
FD d profile m consumption forecast
during period ¢

Electrical power production of RES r
(CSP 0)

RES r production forecast during
period ¢

Electrical power capacity of ES s
Secondary reserve ramp rate of TPP ¢
Secondary reserve ramp rate of FD d
Secondary reserve ramp rate of RES r
(CSP 0)

Required time for secondary reserve
action

Minimum up/down time of turbine of
TPP ¢

Emission factor of TPP ¢

Emission factor of FD d

[€]

[€]
[€/MWh]
[€/MWh]
[€]
[MWh]

[MWh]
[p.u.]

[-]
[h]

[MW]
[MW]

[MW]
[MW]

[MW]
[MW]
[MW]
[MW/min]
[MW/min]
[MW/min]
[min]

[h]

[tons CO,/MW]
[tons CO,/MW]

Percentage of flexibility of FD d during [%]

period ¢

Uncertainty budget of DAM/SRM/CTM [-]

price

Uncertainty budget of consumption of
FD d

Uncertainty budget of RES r electrical
(SF of CSP 6 thermal) production
Duration of periods

Thermal to electrical output efficiency
of CSP 6

Electrical power efficiency of ES s
Emission quotas for TPP ¢

[-]
[-]

[h]
[%]

[%]
[tons CO,/MW]
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Iy Emission quotas for FD d

K Percentage of reserve traded in the
SRM relative to the power capacity of
VPP

AT CTM price during sample day ¢

iPA DAM price during period ¢

AfR’M) SRM price for up (down) reserve
during period ¢

Variables

ey Electrical energy of ES of s during
period ¢

pAllocated  Free carbon credits allocated to VPP

net Carbon credits purchased by VPP

during sample day ¢
ncT Carbon credits traded by VPP during
sample day ¢

nSaved Carbon credits saved by VPP during
sample day ¢ for its emission

nell Carbon credits sold by VPP during
sample day ¢

n,‘”e’j Carbon credits used by VPP during
sample day ¢ from its freely allocated
allowance

nV PP Total carbon credits required by VPP

nllowed — Allowed carbon emissions for VPP
during sample day ¢

ey Carbon credits required by TPP ¢
during period or sample day ¢

ng, Carbon credits required by FD d
during period or sample day ¢

pPA Electrical power traded by VPP in the
DAM during period ¢
(positive/negative for selling/buying)

Por Thermal power of SF of CSP # during
period ¢

7 Thermal power of TS of CSP @ during
period ¢

Pes Electrical production of TPP ¢ during
period ¢

Pds Electrical consumption of FD d during
period ¢

Pro)s Electrical production of RES r (CSP 6)
during period ¢

Dt Electrical power of ES s during period ¢

riR Reserve traded by VPP in the SRM
during period ¢

Tes Reserve provided by TPP ¢ during
period ¢

as Reserve provided by FD d during
period ¢

o)t Reserve provided by RES r (CSP 6)
during period ¢

o Reserve provided by ES s during
period ¢

wa Positive auxiliary variable of CTM
price uncertainty during sample day ¢

tDA/ SR positive auxiliary variable of

DAM/SRM price uncertainty during
period ¢

W, Positive auxiliary variable of FD d
consumption uncertainty during period
t

W) 1 Positive auxiliary variable of RES r

electrical (SF of CSP # thermal)
production uncertainty during period ¢

[tons CO,/MW]
[%]

[€/tons CO,]
[€/MWnh]
[€/MW]

[MWh]

[tons CO,]
[tons CO,]

[tons CO,]
[tons CO,]
[tons CO,]
[tons CO,]
[tons CO,]
[tons CO,]
[tons CO,]
[tons CO,]

[MW]

[MW]
[MW]
Mw]
[MW]
[MW]

[MW]
[MW]

[MW]
[MW]
[MW]
[MW]
[-]

[-]

[-]

[-]
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Zdp

Zr0).t

§DA/SR/CT

cr
Vi

DA/SR
w2

Ya

Vi),

Binary Variables

Positive auxiliary variable of traded
carbon credits in the CTM during
sample day ¢

Positive auxiliary variable of traded
electrical energy in the DAM during
period ¢

Positive auxiliary variable of FD d
consumption uncertainty during period
t

Positive auxiliary variable of RES r
electrical (SF of CSP 6 thermal)
production uncertainty during period ¢
Dual variable to model the [€]
DAM/SRM/CTM price uncertainty

[tons CO,]

[MWh]

[MW]

Mw]

Dual variable to model the FD d [MW]
consumption uncertainty
Dual variable to model the RES r [MW]

electrical (SF of CSP 6 thermal)
production uncertainty

Share of energy capacity of ES s [%]
allocated to provide reserve

Dual variable to model the CTM price [€]
uncertainty during sample day ¢

Dual variable to model the DAM/SRM [€]
price uncertainty during period ¢

Dual variable to model the FD d
consumption uncertainty during period
t

Dual variable to model the RES r
electrical (SF of CSP 4 thermal)
production uncertainty during period ¢

[MW]

[MW]

ucT Binary variable that is 1 if VPP is [-1
carbon credit seller, and 0 otherwise

Ue(p) s Binary variable that is 1 if turbine of [-]
TPP ¢ (CSP 6) is on during period ¢,
and 0 otherwise

Ug m Binary variable that is 1 if profile m of [-]
demand d is selected, O otherwise

ug Binary variable that is 1 if charging  [-]
state of ES s is active, and 0 otherwise

uf(lgj){ ISD Binary variable that is 1 if turbine of [-]
TPP ¢ (CSP 6) starts up/shuts down at
period ¢, and O otherwise

Vor Binary variable that is 1 if FD 4 [-1
consumption worst case occurs during
period ¢, and 0 otherwise

Xr(0)1 Binary variable that is 1 if RES r [-1
electrical (SF of CSP 6 thermal) power
production worst case occurs during
period ¢, and O otherwise

Vectors

r.;= {’I,w rﬁJ,O} Vector for possible reserve activation [MW]
scenarios of TPP ¢

ry;= {r;,, —r d,r,O} Vector for possible reserve activation [MW]
scenarios of FD d

r.,= {rIJ, —rf',,O} Vector for possible reserve activation [MW]
scenarios of RES r

rg, = {rI[, —ri,,O} Vector for possible reserve activation [MW]

' ' scenarios of ES s

rf R = {r,SR’T, —r,SR'l,O}Vector for possible reserve activation [MW]
scenarios of VPP

ro; = {r; B _r:, 0} Vector for possible reserve activation [MW]

scenarios of CSP 6
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Appendix B. Turn on/off constraints of TPP and CSP

The minimum up and down time requirements for turbines in TPP
and CSP (where the index u € U covers both ¢ € € and 9 € ©)
are modeled in (B.1a)-(B.1i), following the approach outlined in [35].
Constraints (B.1a) and (B.1b) establish the commitment status of the
turbine. Eq. (B.1c) specifies the initial status of the turbine based on
NuON , which represents the number of initial periods during which the
turbine must remain online. Constraint (B.1d) enforces the minimum
up time requirement across all subsequent periods defined by UT,,
while constraint (B.1e) applies this requirement to the last UT, — 1
periods. Constraints (B.1f)—(B.1h) are counterparts to (B.1b)-(B.1d),
but address the minimum down time requirements. The binary nature
of the variables is specified in (B.11).

Uy = Uy = U5 = 05D vu,r (B.1a)
vuS,U +v,‘2? <1; vu,t (B.1b)
NDN
Y [1-u,]=0; vu (B.1c)
=1
+UT,~1
UT, (=t ) Sty 5 Vu,t=NON+1,...T-UT,+1 (B.1d)
=t
T
0< Y [ty = (= 00-1)] 5 Yut=T-UT,+2,...,T (B.le)
=t
NOI F
D =05 vu  (B.1f)
=1
t+DT,—1
DT, (e —uy) < 30 [1=wy] 5 Vur=NOT 41, T-DT,+1 (B.1g)
=t
T
0< D 1=ty = (e — 1) Yu,t=T - DT, +2,...,T (B.1h)
=t
U, 050 0SP € (0,1} vu,r  (B.1i)

Appendix C. Reserve provision capability constraints of units

Constraints (C.1a)-(C.1b) regulate the upward and downward re-
serves of unit u € U — which includes ¢ € € for TPP, # € © for CSP,
r € R for RES, s € § for ES, and d € D for FD — based on the activation
time of the secondary reserve and the ramp rate capabilities of units.

r;t < TSRRuSR ; Yu,t (C.1a)
re, <TSRRSK Vi, (C.1b)

Appendix D. Uncertainties in CSPs thermal production and FDs
consumption

The equivalent linear formulation for selecting the worst-case pe-
riods in constraint (10e), which address uncertainties in CSPs thermal
production, is presented in (D.1).

max Z Péi,ng’,; ; vo,t (D.1a)
teTy =t
st.
W + Z w;,t, <Ty:by; (D.1b)
teTyt'=t teTy ' #t
0<wpy <1y vt € Tp,t' =t (D.1¢)

Similarly, the equivalent linear formulation for selecting the worst-
case periods in constraint (10f), which address uncertainties in FDs
consumption, is provided in (D.2).

max Z Pypwgyp s
HeT, =t

vd,t (D.2a)

23

st.
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Z Wy + z wh, STy 6,5 (D.2b)
teT,1'=t teT 1"+t '
0<wyp <1y, v e T, =t  (D.20)

Data availability

Data will be made available on request.
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