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Abstract: Energy markets are crucial for integrating Distributed Energy Resources (DER) into modern
power grids. However, this integration presents challenges due to the inherent variability and
decentralized nature of DERs, as well as poorly adapted regulatory environments. This paper
proposes a medium-term decision-making approach based on a comprehensive suite of computational
tools for integrating DERs into Colombian energy markets. The proposed framework consists of
modular tools that are aligned with the operation of a Commercial Virtual Power Plant (CVPP). The
tools aim to optimize participation in bilateral contracts and short-term energy markets. They use
forecasting, uncertainty management, and decision-making modules to create an optimal portfolio of
DER assets. The suite’s effectiveness and applicability are demonstrated and analyzed through its
implementation with heterogeneous DER assets across various operational scenarios.

Keywords: commercial virtual power plants (CVPP); decision-making; distributed energy resources
(DER); electricity markets; risk management

1. Introduction
1.1. Background and Motivation

The energy landscape is undergoing constant evolution, transitioning toward more
sustainable, decentralized, and digitized power systems [1,2]. This transformation is
driven by several interrelated factors that are fundamentally changing the way energy is
produced, distributed, and consumed [3–5]. One of the main drivers of this transformation
is the growing adoption of distributed energy resources (DER) [6]. DER includes various
energy generation, storage, and management technologies located at or near the points
of consumption, such as distributed generation (DG), energy storage systems (ESS), and
demand response (DR). These resources can reduce greenhouse gas emissions and improve
resilience and reliability in response to changes in power system supply and demand [7].

However, integrating DERs effectively presents significant challenges due to the inher-
ent variability of certain energy sources, such as solar, which heavily depend on weather
and climate conditions [8]. This variability can cause fluctuations in energy production,
making it difficult to maintain a balance between supply and demand in the power grids [9].
Furthermore, the decentralization of power generation presents challenges in terms of sys-
tem coordination and control [10]. Unlike conventional power plants, which are centrally
managed, DERs can be geographically dispersed and operate independently [11,12]. This
can make it difficult to optimize and properly operate power systems.

In this way, energy markets play a crucial role in integrating DERs into contempo-
rary power grids [13]. These markets were originally designed for large-scale centralized
generation and unidirectional power distribution, but are now adapting to accommodate
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the increasing diversity and decentralization of energy supply and demand [14]. This
includes DER owners, end-consumers, energy communities, and load aggregators, among
other players. However, the current structure and design of energy markets may not fully
accommodate the growing presence of DERs, making their participation infeasible [15].
This is due to the significant difference in energy capacity between DERs and large power
plants, which severely limits the competitiveness of the former in different market struc-
tures, particularly in the wholesale market. Furthermore, the uncertainty surrounding
the availability of DERs, and electricity prices, present additional challenges [16]. There-
fore, the aggregation and effective coordination of DERs is essential to contribute to this
integration [17].

Within this framework, various paradigms have been proposed to facilitate coordi-
nated, dependable, and cost-effective decision-making, as well as the seamless integration of
diverse small-scale Distributed Energy Resources (DERs) into power grids. Two paradigms
stand out: microgrids and virtual power plants (VPPs). These concepts have been ex-
tensively discussed in prior literature [18–21]. VPPs, in particular, play a pivotal role in
this transition due to their reliance on the inclusion of Information and Communication
Technologies (ICT) into power systems, as seen in smart grids. VPPs can aggregate DER
assets through metering infrastructures, managing them as a single power entity. This
allows them to participate in conventional market mechanisms such as bilateral contracting
day-ahead markets (e.g., pool, reserve, among others), thus enabling a way to integrate
these resources [22].

It is worth noting that VPPs can aggregate and manage DER from both commercial
and technical perspectives. Commercially, they are referred to as Commercial Virtual Power
Plants (CVPPs), which utilize economic metrics from integrated DER assets to develop
collective market participation strategies with the aim of maximizing overall profits. In
contrast, the Technical Virtual Power Plant (TVPP) approach aims to ensure the safe and
efficient operation of the VPP by considering technical constraints of the integrated DER
assets, such as generation limits, dispatch expectations (even from a CVPP), and grid
constraints, such as power flow restrictions. However, developing a TVPP requires more
comprehensive data and greater accountability in management [23,24]. This may make
them less viable in countries with more restrictive regulatory frameworks. Therefore,
CVPPs in energy markets, have become the initial framework in the integration of DERs
into current power systems [25].

1.2. Literature Review and Research Gap

Several studies have investigated the potential of data-driven DER asset aggregation
and decision-making to facilitate participation in different energy market structures under
conditions of uncertainty. In this context, the concept of virtual power plants (VPPs) has
gained significant attention as a mechanism to aggregate and coordinate the operation of
DER. This section summarizes some of the most recent and important work on this topic,
moving from a general to a particular perspective.

VPP-based tools have been utilized in various studies to aggregate distributed energy
resources (DERs) for multiple purposes. For example, the authors in [26,27] developed
VPP models to optimize the scheduling of diverse DERs, considering grid management
constraints and consumer comfort. In contrast, references [28–32] highlighted different
studies on VPPs for providing capacity and ancillary services, selling energy to wholesale
markets, engaging in new business models, and improving system economics and reliability
on any scale. In [33–35] optimization approaches are proposed through VPP, allowing
participation in the energy and ancillary services markets, alleviating local grid constraints,
and providing reactive power support. Likewise, the authors in [36,37] presented VPP-
based architectures for demand-side management, allowing prosumers to independently
provide flexible power profiles and optimize asset scheduling considering such aspects as
carbon markets and control techniques. Moreover, [38–40] present blockchain-based energy
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management platforms for different VPP modalities, which enable energy transactions
between residential users with DERs, providing a deeper managing perspective.

According to [41], many articles in recent years have studied VPPs as an alternative
to integrate DERs into power systems through different energy market approaches. For
instance, the authors in [42,43] explore the bidding strategy of a VPP in a day-ahead market,
developing a robust optimization model considering uncertainties to maximize VPP profit.
Applied to a small VPP with PV and BESS, the model aims to enhance decision-making for
DER aggregation. In contrast, in [44], the authors introduce an optimal bidding strategy
for a virtual power plant (VPP) with different DER assets participating in different market
approaches, such as pool (day-ahead) and futures markets, by addressing challenges such
as failures in distributed generation units. This work demonstrated the ability of the VPP
to mitigate losses due to failures while exploiting arbitrage opportunities.

Moreover, In [45], a methodology for a CVPP to optimize its coalition of diverse DERs
assets through weekly contracting, futures-market engagement, and pool participation is
discussed. In [46], a more comprehensive methodology that considers competition between
VPPs is presented. The model allows VPPs to participate in energy markets, sign contracts,
and manage market risks. In [47–50], different stochastic scheduling models for virtual
power plants, integrating various energy resources and uncertainty modeling in load,
weather, power, and market prices signals under various conditions are presented.

As described above, there are many uncertain parameters in VPP-based tools due to
the involvement of multiple types of DERs and participation in various energy market
structures, each with different dynamics and time horizons. Therefore, different approaches
have been widely used to manage these uncertainties to make informed decisions with
VPP-based approaches. For instance, the authors in [51–54], use robust optimization for
this purpose. In contrast, in [47,55–59], VPP models with scenario generation and reduction
approaches to handle uncertainties are developed. In [60–63], Monte Carlo simulations
were used as a method of dealing with uncertainty in the construction of the VPP-based
frameworks. The authors of [64–67] used Information Gap Decision Theory (IGDT) as an
alternative method to scenario building for uncertainty handling. Other developments,
such as those presented in [68–71], have opted for hybrid or cross-cutting approaches
to uncertainty management to mitigate the negative aspects of other methods. This is
evidence of the broad interest in the topic.

To use many of the uncertainty-handling methods for decision-making frameworks
mentioned above, certain information related to these variables is required (e.g., predicted
data, descriptive statistics, among others). However, despite the extensive research con-
ducted in this field, there is a notable gap regarding the integration of time series prediction
techniques to obtain these uncertainty parameters [72,73]. While time series prediction
models have been widely used for forecasting purposes, their potential for directly esti-
mating uncertainty measures has not been fully explored or leveraged in decision-making
workflows [74,75]. This represents a good opportunity that has not yet been fully exploited,
as time series prediction offers several advantages over traditional approaches.

First, time series models can capture complex temporal patterns and dependencies,
thereby enabling more accurate forecasts and the quantification of uncertainty, particularly
in the case of variables that exhibit seasonality, trends, or time-varying features [76,77].
Second, these models can generate probabilistic forecasts, providing not only point es-
timates but also confidence intervals or probability distributions, which can be directly
integrated into uncertainty-handling methods. Moreover, time series prediction models
can be continuously updated and refined as new data becomes available, ensuring that the
uncertainty parameters remain relevant and reflective of the most recent conditions [78].
This adaptability is crucial in dynamic environments where underlying processes may
evolve over time [79].

On the other hand, few recent studies have investigated the impact of mandatory
participation policies for some types of DERs in energy market structures. In other words,
these studies analyze some tools from a commercial perspective and, in some cases, an
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associated risks perspective, but they have not examined operational scenarios that may
arise from stricter regulatory contexts during transition processes.

While most of the work presented in this review has focused on the voluntary partici-
pation of DER assets in energy markets and the optimization of their operation, there is
a research gap regarding the impacts and challenges that may arise from stricter policies
regulating mandatory participation of certain types of DERs as part of strategies for the
transition to more sustainable energy systems.

This is pertinent, as mandatory participation policies may generate different opera-
tional scenarios, with implications for DER management, market interaction, and associated
business models. Consequently, it is imperative to investigate these scenarios, which can
serve as energy policy sandboxes, facilitating the development of a regulatory context more
conducive to the integration of DERs and their stakeholders in these zones.

1.3. Contributions and Study Layout

To fill the research gaps discussed above, a set of computational tools for short- and
medium-term data-driven decision-making is developed, exploring the uncertainty aspects.
The tools include forecasting, uncertainty modeling, and profit maximization, and are
designed to facilitate the integration of different DER assets into power systems with
participation in various energy market modalities. The main contributions of this paper are
summarized below:

• Development of a suite of computational tools encompassing forecasting, uncertainty
management, and decision-making capabilities that will be used in a framework
for optimal bidding of different types of DER assets (PV, ESS, and DR). These tools
will be based on a commercial VPP and will be used for participation in short and
medium-term energy market modalities, such as day-ahead markets and bilateral
contracting. This suite considers the assumed risk profile in uncertainty management
through elements such as stochastic programming [80] and the conditional value-at-
risk (CVaR) [81] method.

• A hybrid method for time series forecasting, scenario generation, and reduction has
been established. This method is based on the Time2Vec Transformer Encoder, Monte
Carlo simulations, and the Fast-Forward reduction methods. It is designed to manage
uncertainties in variables such as electricity prices and PV power production.

• Investigation of the effect of mandatory participation policies and risk profiles on
optimal bidding decisions for profit maximization with DER assets, specifically ESS.
The study proposes a planning support tool in the form of an energy policy sandbox
for testing under uncertain regulatory conditions.

The paper is structured as follows: Section 2 provides a detailed description of the
computational tools and their interactions for decision-making regarding the selection
of the DER assets to participate in energy markets. This includes short-term trading in
the day-ahead market and medium-term trading through bilateral contracting. Section 3
presents a case study with three scenarios to test the results of these tools and evidence
risk management and regulatory conditions assessment. Finally, in Section 4, conclusions
are drawn and future avenues for research are proposed. A glossary of abbreviations,
parameters, and variables can be found at the end of the document.

2. Framework of the Decision-Making Tool Suite

The framework outlined in this study is presented in Figure 1, which comprises a set
of tools that operate in a modular approach to address forecasting, risk management, and
decision-making. The tools are developed to align with the operation of a VPP acting as a
commercial DER aggregator. The VPP aims to engage in medium-term bilateral contracts,
while simultaneously determining its participation (i.e., offering/bidding) in short-term
markets, such as pool-type day-ahead energy markets. This strategy is designed to create
an optimal portfolio that includes different types of DERs, maximizing benefits for all
parties involved.
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Figure 1. Schematic modeling of the proposed decision-making tool based on the CVPP optimal
stochastic bidding strategy problem.

This portfolio may encompass any scale PV assets, energy storage systems, and
demand response schemes, which do not necessarily need to be geographically proximate.
However, it is assumed that the owners of these DERs possess metering infrastructures
that provide necessary information for the operation of this module.

Despite the geographical disparity among various DER assets, their management and
aggregation are centralized through this tool. As shown in Figure 2, bidirectional data flows
are expected from different DER owners and the primary grid, including offers for future
and current energy capacity (continuous lines), market gains, and pricing (dotted lines). It
is important to note that this tool is presented from the perspective of the VPP, rather than
that of the DER owners. Other standpoints will be addressed in future developments.

Figure 2. DER asset selection scheme for participation in different market modalities through CVPP.
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The following sections provide a detailed breakdown of the different components and
modules considered during the creation of this tool suite. Each section explores specific
elements and their roles in the overall development, offering an informative overview of
the multifaceted approach used to craft these tools.

2.1. Scenario-Based Uncertainty Representation

To handle variables with uncertainty, this suite of tools utilizes two distinct approaches.
For day-ahead market prices, the Time2Vec Transformer Encoder (T2V-TE) forecasting
model is used. It is based on transformer encoders and enhanced with capabilities to
capture short and long-term temporal dependencies, such as Time2Vec [82] introduced
in [76]. It provides an interval probabilistic forecast in the first stage. However, any multi-
step forecasting model such as those presented in [83] can be used for this task. In the
second stage, Montecarlo simulations were used to construct multiple scenarios based on
a normal probability density function (PDF) for each hour, guided by the forecast values,
as well as upper and lower bounds provided by T2V-TE. The scenarios based on normal
PDFs in this case are supported by the exploratory data analysis that feeds the forecasting
model, as well as previous studies such as [84] The PDFElecP(t) for each hour t is presented
in Equation (1), where µElecP and σElecP are the mean value and the standard deviation of
the electricity price ElecP(t).

PDFElecP(t) =
1

σElecP
√

2π
· exp

[
−ElecP(t)− µElecP

2(σElecP)2

]
(1)

Conversely, To create a tool that is adaptable to various facilities and geographical
locations, a Montecarlo simulation environment was developed. The tool aims to encom-
pass as many operational conditions of PV power as possible while accounting for linked
uncertainties. The PDF of these data was derived from modeling PV AC power based on
meteorological features (specifically, temperature, wind speed, and GHI from a specialized
database) [85], as shown in Equation (2), where Pcap is the rated power of PV facility, Tre f
and Tc(t) are reference temperature (25 °C) and hourly solar cell temperature, respectively.
Irrre f and Irrh(t) are the reference (1000 W/m2) and the irradiation for hour t. γ is the
maximum temperature coefficient of the solar cell (commonly −0.5%/°C). Moreover, η is
the efficiency of the DC/AC inverter, and Losses represent the percentage of power lost
from various sources, such as wiring, degradation, and dust, among others, in PVs. This
value is typically around 15%.

In this case, PDF modeling assumes both temperature (Tc(t)) and irradiation (Irrh(t))
follow normal probability density functions, as shown in Equation (3). This approach is
also supported by the previous studies [84,86]. Notice that each PDF of these variables is
modeled independently.

PowACPV(t) =

(
Pcap ·

Irrh(t)
Irrre f

· (1 + γ(Tc(t)− Tre f )) · η

)
·
(

1 − Losses
100

)
(2)

PDF(Irrh(t),Tc(t))(t) =
1

σ(Irrh(t),Tc(t)) ·
√

2π
· exp

[
−
(Irrh(t), Tc(t))− µIrrh(t),Tc(t)

2(σIrrh(t),Tc(t))
2

]
(3)

Additionally, due to the modular design of this suite, prior to the production scenario
of a generation component, it allows easy integration of another point or probabilistic
PV power forecasting models to further support and enhance this module with greater
accuracy. For instance, the forecasting models presented in [87,88], among others could be
introduced. Nonetheless, the setting up of these forecasting models will be a product of
future development. Finally, it is important to mention that, according to the schematic
model of the tool presented in Figure 1, the scenario generation module processes both
variables (i.e., electricity price and PV power) independently.
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To reduce computational costs, both cases incorporate a scenario reduction stage called
Fast-Forward [89]. The heuristic approach employed in this stage identifies and eliminates
scenarios that are unlikely or insignificant, and that have minimal or no impact on the final
result. In this instance, the Kantorovich distance has been employed as the criterion for this
reduction, as outlined in [90].

2.2. Optimal Bidding Decision-Making Module

The decision-making module focuses on determining the optimal offering strategy
of a VPP acting as a DER aggregation market agent, modeled through a quadratically
constrained quadratic optimization problem (QCQP). The model applies stochastic pro-
gramming with a one-week time horizon, with the purpose of maximizing total profits.
The VPP aims to secure mid-term bilateral contracts with different DER owners, such as
PPA (capacity payment), for energy procurement while also deciding its involvement in the
day-ahead market (i.e., pool). This allows for the formation of an optimal and diversified
portfolio of available DERs (i.e., aggregation). Various types of these resources have been
considered, including small and medium-scale PV units (PV), ESS, and DR schemes.

The module also incorporates several uncertainty parameters, including high volatility
of day-ahead market prices and PV power production. These uncertainties may increase
the standard deviation of the VPP benefit function. Therefore, the model uses a risk
management methodology such as CVaR to strike a balance between the expected benefit
of the VPP and the related risk as discussed below.

The objective function presented in Equation (4) consists of two parts [91]. The first
part aims to maximize the expected profit of the VPP, while the second part includes
the CVaR formulation to represent the risk-aversion profile of the VPP operator. The
expected profit of the VPP includes the profit obtained from bilateral contracts (e.g., PPAs),
the profit obtained from the day-ahead market under hourly resolution t, and the cost
of capacity rental contracts acquired from various DER owners over the medium-term
determined by the time horizon H. The weighting coefficient of the function, β, is a key
element, as it represents the risk profile of the tool operator. As the value of β approaches 1,
the approach becomes more conservative and less risky. Additionally, if β is zero, the
risk profile becomes risk-neutral with higher risks. The following constraints define the
variables used in this function.

max (1 − β)



CantBC · PriceBC ∗ H

+
Nsce
∑

s=1
probs

H
∑

t=1
PowDA

t,s ∗PriceDA
t,s

−
NPV
∑

j=1
partPV

j ∗ CapPV
j ∗ O f PV

j ∗ H

−
NESS
∑

e=1
partESS

e ∗ CapESS
e ∗ conte ∗ O f ESS

e ∗ H

−
NDR
∑

d=1
partDR

d ∗ CapDR
d ∗ O f DR

d ∗ H


+ β

[
ξ − 1

α

Nsce

∑
s=1

probs ∗ ηs

]
(4)

The objective function is subject to the following constraints: Bilateral contracting
usually involves a period before execution. Therefore, within a medium-term planning
horizon, the VPP can determine the number of bilateral contracts and the volume that
should be finalized before making short-term decisions related to negotiations in the day-
ahead market. Equations (5) and (6) determine the economic quantity of the contract (in
kWh), CantBC as a percentage of the demand that the VPP is able to meet, PorcBC [46].
Likewise, Equation (7) establishes that this quantity cannot exceed the capacity of the VPP
(i.e., DER capacity aggregation).

CantBC = PorcBC ∗ Cantmax
BC (5)

0 ≤ PorcBC ≤ 1 (6)
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CantBC ≤
NPV

∑
j=1

partPV
j ∗ CapPVe

j +
NESS

∑
e=1

partESS
e ∗ CapESS

e ∗ conte+
NDR

∑
d=1

partDR
d ∗ CapDR

d (7)

After determining the quantity to be met through bilateral contracts, the VPP manager
must then determine their purchases and sales in the day-ahead market. Equation (8)
expresses the equivalent power of the VPP for energy trading in a specific hour and
scenario (day-ahead price and PV power), PowVPP

t,s . It is composed of the different types
of aggregated DERs (i.e., PV—PowPV

j,t,s, DR—PowDR
d,t,s, and ESS—PowESS

e,t,s assets) that are

selected (represented by partPV
j , partDR

d , and partESS
e , respectively) for energy generation

in both market structures.

PowVPP
t,s =

NPV

∑
j=1

partPV
j ∗ PowPV

j,t,s +
NESS

∑
e=1

partESS
e ∗ PowESS

e,t,s +
NDR

∑
d=1

partDR
d ∗ PowDR

d,t,s (8)

Equation (9) ensures that the energy produced by DERs contracted within the VPP,
minus the energy committed in the bilateral contracting, should align with the day-ahead
market energy transactions for each time t and scenario s, PowDA

t,s . To prevent infeasibility
in certain operational scenarios, Powcurt

t,s represents the amount of PV power production
that can be curtailed at time t and scenario s. This is due to the possibility of certain
scenarios s presenting a significantly higher power production than necessary, as presented
in Equation (10).

PowVPP
t,s − CantBC − Powcurt

t,s = PowDA
t,s (9)

0 ≤ Powcurt
t,s ≤

NPV

∑
j=1

partPV
j ∗ PowPV

j,t,s (10)

The maximum contribution of contracted demand response for each time period t
and scenario s, as depicted in Equation (11), is solely assumed as a load reduction, which
can be on a residential or aggregate scale. However, it is assumed that the necessary ICT
infrastructure is in place to send the data to this tool.

0 ≤ PowDR
t,s ≤

NDR

∑
d=1

partDR
j ∗ CapDR,max

j,t,s (11)

According to [92–94], Equations (12)–(18) describe a mathematical model for the
correct and coherent operation of the different energy storage systems (ESS) for each
time t and scenario s, based on technical information provided by ESS owners, such as
depth of discharge DDise, the ESS charging/discharging power PowESS,chg

e,t,s /PowESS,dchg
e,t,s

and efficiency ηcchg/ηdchg, and the state of charge EESS
e,t,s . It is important to note that for the

numerical cases in this paper, the charging and discharging efficiencies for each ESS are
similar. In terms of decision-making, Bchg

e,t,s and Bdchg
e,t,s correspond to binary variables that

include/exclude these assets from market participation.

PowESS
e,t,s = PowESS,dchg

e,t,s − PowESS,chg
e,t,s (12)

PowESS,dchg
e,t,s ≤ Powchg,max

e,t,s ∗ Bchg
e,t,s (13)

PowESS,chg
e,t,s ≤ Powchg,max

e,t,s ∗ Bdchg
e,t,s (14)

Bdchg
e,t,s + Bchg

e,t,s ≤ 1 (15)

EESS
e,t,s =

(
EESS

e,0,s ∗ partESS
e

)
+

ηchg ∗ PowESS,chg
e,t,s −

PowESS,dchg
e,t,s

ηdchg

, if t = 1 (16)
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EESS
e,t,s =

(
EESS

e,t−1,s

)
+

ηchg ∗ PowESS,chg
e,t,s −

PowESS,dchg
e,t,s

ηdchg

, if t ≥ 2 (17)

partESS
e ∗ CapESS

e ∗ (1 − DDise) ≤ EESS
e,t,s ≤ partESS

e ∗ CapESS
e (18)

Finally, Equations (19)–(21) are commonly used in CVaR-based risk modeling [71,95].
The variable α, which represents the confidence level, appears in the second term of the
objective function. In this context, ξ denotes the Value-at-Risk (VaR) considering the risk
profile β, while ηs is a non-negative auxiliary variable. It is equal to the difference between
the VaR and the CVPP profit (Pro f its) for any scenario s, and is zero unless the associated
benefit is less than the VaR [96].

This formulation of the model considers the conditional value-at-risk measure at a
confidence level (α-CVaR) to be the expected value of returns less than the α-quantile of the
return distribution. A confidence level of α = 0.98 has been considered in this instance (i.e.,
2% of the most extreme values, or α-CVaR = 0.02), to minimize the risk of losses, provide
greater robustness to adverse events and conditions, and result in greater stability in the
returns obtained over time, which is important for participation in these market structures
considering aspects such as economies of scale, market behavior, among others.

Pro f its =

−CantBC ∗ PriceBC ∗ H

−
H
∑

t=1
PowDA

t,s ∗PriceDA
t,s

+
NPV
∑

j=1
partPV

j ∗ CapPVe
j ∗ O f PV

j ∗ H

+
NDR
∑

d=1
partDR

d ∗ CapDR
d ∗ O f DR

d ∗ H

+
NESS
∑

e=1
partESS

e ∗ CapESS
e ∗ conte ∗ O f ESS

e ∗ H

(19)

Pro f its + ξ − η ≥ 0 (20)

η ≥ 0 (21)

3. Results and Discussion

To demonstrate the capability of the toolkit described in the previous section, we
present case studies that address different operational scenarios considering the effect of
changes in risk-aversion/neutrality profile and the inclusion of the mandatory DER asset
participation policies. All of these are based on the economic data from the Colombian
electricity market considering its policy contexts.

The case studies illustrate the decision-making strategies of this tool under uncertainty,
specifically the risk proposed for a commercial VPP under the QCQP approach. The
objective is to identify a medium-term portfolio of the DERs available for signing bilateral
contracts and their participation in the wholesale market in the short-term (i.e., day-ahead
or pool). The goal is to promote a DER widespread integration from this aspect.

All modules in this tool were developed using Python 3.10 on a Windows® PC with an
Intel® Core i5+ 10300H at 2.5 GHz processor and 16 GB of RAM. Depending on the function
of each module, additional libraries were used. Operational scenario generation was imple-
mented using the Statsmodels library [97]. The forecasting model was implemented using
Keras and TensorFlow libraries [98]. Adam [99] training optimization algorithm is applied,
which is one of the most commonly used solvers for deep learning applications. The
formulation of the proposed QCQP model was achieved using the Pyomo library [100,101]
with MOSEK solver [102,103].
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3.1. Input Data

The required input data for this tool can be divided into two parts: data related to
forecasting uncertain variables, and data linked to the QCQP optimization problem. The
most important elements in each case are described below.

3.1.1. Variables with Uncertainty

In this case, the uncertainty variables include PV power production at different lo-
cations and capacities using meteorological features from specialized databases such as
NSRDB [104,105], along with subsequent modeling based on the physical conditions of
each unit [85,106,107]. Additionally, hourly signals of electricity prices in the Colombian
day-ahead wholesale market from the grid operator in [108] are included.

Table 1 and Figure 3 display the performance of the electricity price probabilistic
forecasting model outlined in Section 2.1, along with the various scenarios generated using
the module described here for a one-week horizon. Error indicators, including point-wise
(MAE, RMSE, MAPE) and probabilistic (PICP) approaches, were used to evaluate the
performance of the forecasting model. The various operational scenarios are represented
based on the Monte Carlo simulation process.

Table 1. Evaluation of electricity price forecasting module using performance metrics.

MAE ( $COP
kWh ) RMSE ( $COP

kWh ) MAPE (%) PICP (%)

12.38 27.63 5.81 95.23

Figure 3. Day-ahead market electricity price scenarios considered for this study (168 h): Multiple
multi-colored lines representing different hourly day-ahead electricity price scenarios over a week.

The performance results presented in Table 1 show that the model accurately predicts
the time features of the uncertain variable. This accuracy is even higher for price scenarios
since the forecast intervals used to construct scenarios are very reliable (over 90% according
to PICP). This can be observed in the trend of the electricity price signals, where the
variability of the prices, and therefore of the scenarios, is higher for the peak hours (hours
19 and 20 of each day considered).

Table 2 shows the technical-economic characteristics of each PV unit located as de-
scribed in Figure 4. To accurately represent and manage the operational uncertainty of
these DER assets during the considered time horizon, as described in detail in Section 2.1,
Figure 5 shows the different power generation operative scenarios of each proposed PV
unit, where each colored line represents one of them.

The outlined features demonstrate that the considered PV generation units can span
diverse scales (residential, institutional, among others) and need not be geographically
proximate (up to 40 km between in this case), as depicted in Figure 4 generated using the
Python Folium API version 0.16.0. [109], employed in the development of this tool. This
illustrates that neither the size nor the distance between these installations pose a limitation
for this decision-making tool, provided the described ICT is in place.
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Figure 4. Geographic location of each PV unit considered for this study: blue pins mark unit positions

In addition, it is assumed that the power that PV owners can commit (Firm Energy) to
bilateral contracts is low (about 15–25% on average) as shown in Table 2, considering the
high level of uncertainty associated with this variable. Likewise, it is assumed that each PV
owner is free to bid the price for the available capacity of their unit. However, the decision
module has no binding obligation to them, unless market conditions require it in order to
hit profit maximization with high reliability.

Table 2. Features of PV units considered for contracting/Day-Ahead bidding.

PV No. Location (Lat-Lon) Rated Capacity
(kW)

Firm Energy
(kW)

Price Offer
( $COP

kWh )

PV1 3.368783, −76.519726 200 55 190
PV2 3.455787, −76.575902 50 11 220
PV3 3.686235, −76.307398 3.5 0.6 285
PV4 3.353617 −76.521868 400 108 164

Therefore, as illustrated by the various operational scenarios generated and depicted
in Figure 5, diverse operational conditions, associated with weather variables, have been
taken into account. These conditions either constrain or enhance energy production in
each of these units. Such consideration reflects a proficient handling of the uncertainty
associated with this variable, thereby influencing the decision-making process facilitated by
this tool. It is important to note that it is assumed that all scenarios, including 50 scenarios
(obtained using scenario reduction techniques such as FastForward [90]) to balance the
computational burden and model formulation, have the same probability of occurrence for
both variables with uncertainty.
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Figure 5. Power generation scenarios of the PV units considered for this study: Multiple multi-colored
lines representing different hourly power output scenarios over a week for PV1 (a), PV2 (b), PV3 (c)
and PV4 (d) units.

3.1.2. Decision-Making Inputs

The deterministic parameters required as input for the decision-making module,
include the technical-economic characteristics of ESS units and demand response schemes.
Additionally, essential data for mid-term bilateral contracts are needed, such as contract
prices and the maximum energy quantity to be committed by the CVPP in these agreements.
Further details on each aspect will be provided below.

The energy storage facilities considered for this model are detailed in Table 3. It is
important to note that the proposed model assumes the CVPP manager will lease the
capacity of the ESS units for medium-term bilateral contracts and participation in day-
ahead markets. Therefore, given this context and acknowledging the reduced lifespan, this
type of DER will likely have the highest bid costs among the resources to be offered. This is
due to the interest of the owners in recovering their investment. As mentioned above, the
initial declared energy of each ESS unit will be measured before signing bilateral contracts
with the VPP. The time horizon is one week.

Similarly, The technical-economic features of the demand response schemes that
were used as inputs for the decision-making tool during its testing phase for this study
are presented in Table 4. These DR schemes state the prices per kilowatt-hour and the
corresponding maximum load reductions weekly. It is worth noting that these offer prices
are usually the lowest among all types of DERs presented, as they do not incur any
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additional meaningful investment. Furthermore, it is relevant to note that, as with the PV
units, DR schemes of various scales (even at aggregated levels) can also be considered.

Table 3. Techno-economic energy storage systems feature as candidates for bilateral contracting and
DA bidding.

ESS
No.

Capacity
(kWh)

DoD
(%)

Chg/Dchg Limit
(kW)

Chg/Dchg Efficiency
(%)

Dchg Cycle Duration
(h)

Initial Energy
(kWh)

Price Offer
( $COP

kWh )

ESS1 19.8 80 10.0 85 8 11.2 460
ESS2 100.0 85 60.0 80 8 65.7 370

Chg = Charge; Dchg = Discharge; DoD = Depth of Discharge.

Table 4. Features of DR scheme units considered for contracting/DA bidding.

DR Scheme No. Maximum Load Reduction (kW) Price Offer ( $COP
kWh )

DR1 80.0 210
DR2 580.0 150
DR3 1.5 265
DR4 260.0 160

Additionally, this study considers a scenario wherein the decision-making tool needs
to establish a portfolio of the DERs for optimal participation in supplying a weekly bilateral
contracting. To achieve this, the tool requires the prices and maximum capacities to commit,
which, in this case, are 1.5 MW at a fixed price of 285 $COP/kWh. This price corresponds to
the electricity contract price signal delivered by the market operator [110], and the energy
commitment quantity is directly linked to the production limits of the DER candidates for
the CVPP and the minimum capacity set according to the regulatory framework in which it
is applied. In this case, it aligns with the one presented in [111].

3.2. Simulation Results

This section presents the results obtained from the decision-making tool for medium-
(weekly PPAs) and short-term (day-ahead) horizons. The following cases are considered
to corroborate the effectiveness (i.e., evidence of compliance with obligations related to
bilateral contracts with customers and DER owners considering price and production
uncertainties) of the proposed tool under different operative scenarios:

• Case 1: Risk-neutral DERs participation in bilateral contracts and day-ahead markets.
• Case 2: Risk profile incidence on DERs participation in bilateral contracts and day-

ahead markets.
• Case 3: Incidence of mandatory participation of certain types of DER (ESS) in the

CVPP for bilateral contracts and day-ahead markets.

3.2.1. Case 1

Considering the price signal, the PV power data, and the technical-economic features
of the various DERs presented in the previous subsection, we address the decision-making
problem presented in Equations (4)–(21) to accurately determine which DER assets should
be chosen for the VPP in the different market modalities under consideration. In this
analysis, we assume that the CVPP manager is risk-neutral, thus disregarding the financial
risk associated with the uncertainty of electricity prices and power production of the PV
units; hence, β = 0.

The decision-making tool provides a significant benefit by leveraging the difference
between the revenue generated from selling energy to customers in the proposed market
modalities and the cost associated with renting the capacity of the committed DERs. Based
on the simulation results, all DR and PV assets (i.e., DR1 to DR4, and PV1 to PV4) were
selected to sign bilateral contracts and participate in the day-ahead market. The cost of
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leasing the capacity of the mentioned DER during the following week was 29.66 million
COP. In the medium-term perspective, the tool highlights the formalization of a weekly
bilateral contracting covering a total of 1096.1 kWh, representing 73.07% of the capacity
that can be committed by the CVPP. This outcome signifies that the revenue derived from
energy sales through contracts amounts to $52.48 million COP, surpassing the income
generated from leasing the selected DER assets (i.e., 76.9% higher).

Figure 6 illustrates the total energy exchanged by the CVPP with the day-ahead market
throughout the entire week in compliance with the contractually agreed-upon conditions in
the medium-term horizon, considering all the uncertainty scenarios outlined above using
hourly boxplots. This exchange can occur through either selling (positive values) or buying
(negative values), depending on the established conditions.

Figure 6. Energy trading made by the decision-making tool in the day-ahead market under risk-
neutral profile (Case 1: β = 0). Blue dots represent outlier values of traded energy in kWh for each
hour of the analyzed period.

Upon closer examination, it is clear that the tool has selected PV units as the primary
source of energy for trading in this market, as shown by their characteristic curves. When
solar resources are limited or unavailable, the CVPP prefers to purchase energy to meet
its medium- and short-term commitments. Conversely, during the remaining hours, the
CVPP finds it advantageous to sell surplus energy from these units, particularly between 9
and 14 h on average each day. This statement also implies that through the use of CVPP, a
significant portion of the contracted capacity in PPAs with DR assets is assured. Under these
conditions, the use of ESS is entirely set aside due to its lack of profitability considering
the income-rental cost ratio in relation to other assets. Similarly, as depicted in Figure 7,
the tool models the behavior of the CVPP as if it were a conventional generation unit
dispatchable from the perspective of other market agents. However, in reality, it represents
an aggregation of multiple and different types of DERs. This representation aligns with
the regulatory frameworks in early transition phases, such as the one addressed in this
study, as they become more mature. To summarize, setting the β parameter to zero assumes
that the CVPP manager is entirely risk-neutral. Therefore, the objective is to maximize
the expected weekly profit in both markets, without considering worst-case scenarios that
could result in significant economic losses. In other words, under this assumption, the
expected profit for the CVPP during the considered time horizon after the bilateral contract
and a day-ahead market participation, and rental capacity payment is 20.20 million COP.
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Figure 7. Available power generation under a risk-neutral profile (Case 1: β = 0). Purple dots
represent outlier values of power generation in kW for each hour of the analyzed period.

3.2.2. Case 2

In this case, we reevaluate the previously proposed decision-making tool for vari-
ous values of risk profiles (β), ranging from 0.0 (risk-neutral profile, as in Case 1) to 1.0
(risk-averse profile). The objective is to discern the suitability of different DER assets for
participation in both markets under varying risk approaches. Additionally, considering
the uncertainty associated with electricity prices and PV power generation, the objective is
to determine the optimal amount of energy subject to early trading through bilateral con-
tracting and the remaining energy exchange in the day ahead market as the risk-aversion
profile is higher. This approach aims to mitigate financial risks linked to profit volatility.

Initially, as the risk profile (β) increases, the tool shows less inclination to engage in
bilateral contracts, as shown in Figure 8. In the highest risk scenario, the tool recommends
subscribing to bilateral contracts for 1029.5 kWh, which is 66 kWh less than in Case 1,
incorporating only the DR1 to DR4 demand response schemes and the PV4 photovoltaic
unit as the DER assets for participation in both market modalities. This marks a substan-
tial reduction in capacity rental costs (25.65 million COP, 6.64% lower than in Case 1),
contributing to the mitigation of associated risks.

Figure 8. Influence of the risk profile on the decision-making process for signing bilateral contracts
with DER assets (Case 2).
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The response of the tool reflects its adaptability to the fluctuating conditions of bidding
and resource availability, aiming for optimal decision-making that maximizes profitability.
The hourly wholesale market price, derived from historical data from the Colombian elec-
tricity market, does not reach a sufficient level to encourage the aggregation of additional
DER assets in the tool through the CVPP under these specific circumstances. This under-
scores the tool’s dynamic adaptation to prevailing market conditions and underscores its
commitment to strategic decision-making to maximize profits.

Figure 9 displays the hourly energy trading in the day-ahead market under the maxi-
mum risk-aversion profile, (β = 1) for the specified time horizon and operative scenarios.
Similarly to Case 1, the tool can function as both producer and consumer through the
CVPP, taking advantage of different energy prices or meeting commitments, as indicated
by the positive/negative values. This remains true even in unfavorable circumstances, as
demonstrated by the outliers (instances where there are significant energy purchases due
to lack of energy resources, represented by loose dots in this figure).

Figure 9. Energy trading made by the decision-making tool in the day-ahead market under a risk-
averse profile (Case 2: β = 1). Blue dots represent outlier values of traded energy in kWh for each
hour of the analyzed period.

It is important to note that the total generation in the CVPP falls below the amount
agreed in the bilateral contracts for certain time intervals each day within the proposed time
horizon (hours 1 to 8 and 17 to 24 of each day) due to default risks associated with energy
production and price uncertainty. To meet its needs and cover the generation shortfall
linked to the commitments made, the tool must purchase energy in the day-ahead market.
During the remaining hours, the tool aims to sell any surplus energy, typically generated
by the PV units. This behavior is similar to that presented in the risk-neutral case, but the
energy amounts are smaller (i.e., resulting in a decrease in participation in the day-ahead
market, particularly in energy purchases: 42 kWh lower on average).

Figure 10 shows the program outcome for the DERs selected under the specified con-
ditions of maximum risk aversion. Similarly to Case 1, the tool behaves like a conventional
power generation in the market, largely supported by the DR schemes contracted in this
case, even when subjected to these stringent risk-aversion conditions. This supports the
claim about the adaptability of the decision-making tool to various market participation
regulatory contexts. Future work in this regard is oriented to consider uncertainty in RD
schemes to strengthen the decisions made by this tool.
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Figure 10. Available power generation under risk-averse profile. (Case 2: β = 1). Purple dots
represent outlier values of power generation in kW for each hour of the analyzed period.

In summary, incorporating increasing risk profiles leads to more conservative solutions
compared to the risk-neutral approach of Case 1. This, in turn, leads to a diminishing market
share (from PV1, PV2, and PV3 units) across the considered time horizon, consequently
resulting in reduced profits. Table 5 compares the expected revenues of the tool against
its CVaR risk measure, exploring different values of the risk-aversion profile β. Notably,
a smaller β generates a solution with higher expected gains but also heightened risk.
Conversely, opting for a larger β value produces a solution with lower expected profit and
diminished risk (19.93 million COP).

Table 5. Expected decision-making tool revenues versus CVaR.

Risk Profile (β) Expected Revenues (Million $COP) CVaR (Million $COP)

0.0 20.20 19.82
0.1 20.16 19.83
0.2 20.13 19.92
0.3 20.11 19.92
0.4 20.08 19.92
0.5 20.05 19.92
0.6 20.03 19.92
0.7 20.00 19.92
0.8 19.97 19.92
0.9 19.94 19.92
1.0 19.93 19.93

Upon closer examination of the aforementioned table considering changes in the risk-
aversion profile, the conditional value-at-risk stops growing when the β profile reaches 0.3
and remains stable until reaching 0.9. Finally, when risk aversion is maximum, it slightly
increases again. This indicates that a point has been reached where the most extreme losses
have ceased to have a significant impact on the CVaR. This can be explained by the fact that,
in this case, the increase in losses is related to the variables that present uncertainty across
different operational scenarios, namely PV power and hourly electricity prices. However,
a large portion of the available energy from the CVPP comes from DER that were not
modeled with uncertainty, such as demand response schemes. Therefore, a moderate
risk-aversion profile with small participation of PV units or low prices for buying and high
prices for selling energy does not represent significant drawbacks in maximizing profits.
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This also implies that in maximum risk-aversion and neutrality profiles, these stability
effects are not as effective, represented in decisions to include or exclude DER assets, or to
buy and sell energy in these scenarios.

3.2.3. Case 3

Considering the information presented in the previous cases, we revisit the decision-
making problem presented in Equations (4)–(21) to determine which DER assets should be
selected by the decision-making tool in the various market structures under consideration.
In this case, we will assume, as in case 2, that the risk profile has an impact on the tool, in
addition to the mandatory participation of some DERs. Specifically, at least one ESS unit
must participate, and its impact on the profit results must be considered. To account for
this case, we have added the constraint presented in Equation (22) to the decision-making
model. It should be noted that the selection of this ESS was motivated by its substantial
influence on the computed benefits, as shown by the selected DER assets, in which ESS
does not appear at all.

partESS
e ≥ 1 (22)

As shown in Case 2, we modified the risk-aversion profile to analyze the effect of
incorporating mandatory ESS participation on the market participation obtained with
the decision-making tool. As illustrated in Figure 11, the energy committed to bilateral
contracts increased slightly across all risk profiles, from 1096.1 kWh to 1129.4 kWh (2.22%
higher) in the risk-neutral profile, and from 1029 kWh to 1036.1 kWh (1.01% higher) in
the maximum risk-averse profile. However, the increase in risk did not significantly affect
the willingness to sign bilateral risk-based contracts in this case. Similarly to case 2, the
amount contracted decreased as the risk profile increased. However, for moderate and
high-moderate cases of risk ( 0.2 ≤ β ≤ 0.9), most bilateral contracts were still maintained.
This demonstrates the usefulness of the ESS in this market modality.

Figure 11. Incidence of the risk profile on the decision-making process for signing bilateral contracts
with DER assets considering mandatory ESS market participation (Case 3).

This is evident in the selected DER assets for each case, where no further modifications
are made other than the selection of the ESS in each case. Specifically, DR1 to DR4, PV1 to
PV4, and ESS1 when β = 0.0, and DR1 to DR4, PV4, and ESS2 when β = 1.0. However, by
incorporating more expensive DER assets per kWh as ESS1 and ESS2, the capacity leasing
costs are higher compared to the previous cases (6.21 million COP more expensive in the
neutral-risk profile, and 1.53 million COP more expensive for the maximum risk-aversion
profile). This reflects a significant reduction in profits over the time horizon considered as
risk aversion increased, which in this case is 18.93 million COP when the risk is neutral
(6.71% lower than Case 1), and 19.56 million COP at the maximum level of risk aversion
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(1.01% lower than Case 2). This profit reduction is also a result of the increased need to buy
energy resources in the market structures such as day-ahead to offset capacity rental costs.

This is demonstrated in Figures 12 and 13, which display the energy transactions
performed by the decision-making tool in the day-ahead market, using both risk-neutral
and risk-averse approaches, respectively. The observed behavior over the considered
horizon in both figures is very similar to that presented in the buying/selling decisions
of the tool in the day-ahead market for cases 1 and 2, respectively. However, it is worth
noting that DER assets ESS1 and ESS2 actively participate in buying and selling energy in
the market when 0.0 ≤ β ≤ 0.9 and β = 1.0, respectively, during hours with low or no solar
resources. In fact, arbitrage processes (i.e., activities where energy is purchased at a lower
price and sold at a higher price to make profits [35]) can be observed in this sense. However,
the reduction in market share and thus higher purchasing needs as the risk profile increases
remains unchanged.

Figure 12. Energy trading made by the decision-making tool in the day-ahead market under ESS
mandatory participation and risk-neutral profile (Case 3: β = 0). Blue dots represent outlier values of
traded energy in kWh for each hour of the analyzed period.

Figure 13. Energy trading made by the decision-making tool in the day-ahead market under ESS
mandatory participation and risk-averse profile (Case 3: β = 1). Blue dots represent outlier values of
traded energy in kWh for each hour of the analyzed period.
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This fact extends to the power generation of the DER assets available in the CVPP,
both for risk-neutral and maximum risk-aversion profiles, as shown in Figures 14 and 15,
respectively. This implies that the market commitments of ESS1 and ESS2 in their respective
risk profiles are leveraged mostly on the buy/sell (charging/discharging) behavior in the
day-ahead market. This is due to the favorable variability of electricity prices presented in
different scenarios, which offsets capacity rental costs and generates additional revenues.

Figure 14. Available power generation under ESS mandatory participation and risk-neutral profile
(Case 3: β = 0). Purple dots represent outlier values of power generation in kW for each hour of the
analyzed period.

Figure 15. Available power generation under ESS mandatory participation and risk-averse profile
(Case 3: β = 1). Purple dots represent outlier values of power generation in kW for each hour of the
analyzed period.

On the other hand, it can be seen that the behavior of the decision-making tool
in relation to the power availability through the CVPP aligns with that exhibited by a
conventional power generation utility, consistent with all cases proposed. Consequently,
incorporating mandatory participation constraints for specific types of DER assets does not
pose any hindrance to the optimal operation of the tool. In fact, it could emerge as a robust
planning alternative.
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Regarding the specific results of this case, the CVPP obtained most of its energy
through demand response schemes during the studied time horizon. These schemes were
demonstrated to be cost-effective and reliable assets in the presented cases. In addition, the
PV units contributed significantly to the available power generation, particularly in the day-
ahead market due to their inherent features. For these units, the decrease in available power
generation as the risk profile increases reflects a more conservative position. The maximum
curtailment was around 200 kW. It is worth noting that the mandatory participation policy
did not drastically affect the results of this particular case, which generates some broad
similarities with the behaviors obtained in cases 1 and 2.

4. Conclusions

This paper describes the development of a set of computational tools designed for the
integration of different types of DERs for decision-making in market participation. The goal
was to enable the efficient participation of these resources in different short and medium-
term energy market structures such as day-ahead and bilateral contracting, respectively.
This process involves the interaction of various tool modules, such as forecasting, to provide
price signals and PV production forecasts through deep learning models. Additionally,
uncertainty modeling is employed using probability distribution functions, which are then
fed into a decision-making module employing stochastic programming. This module is
formulated as a QCQP problem based on the operation of a CVPP, which can be efficiently
solved using high-performance solvers.

The computational tools were tested in three different scenarios to assess their behavior
under varying operating and risk conditions. In Case 1, a risk-neutral model was used
to solve the problem using data from each module. This helped to determine which DER
assets would be more profitable for the considered market approaches. The results of Case
1 confirm that the toolkit can represent DERs as a conventional generation unit, allowing it
to participate in both traditional market modalities and align better with transitions toward
market modalities focused on widespread DER usage. Furthermore, the decision-making
module showed significant activity in energy exchange within the day-ahead market,
despite substantial fluctuations in the PV generation and electricity prices. The decision-
making module already had over 70% of available capacity committed to bilateral contracts.

In Case 2, the toolkit considered the effect of the shift in risk profile (from risk-neutral
to risk-averse) on the selection of the DER assets that participate in market approaches
and their returns. This is based on the findings of the previous case. As the risk profile
becomes more conservative, the decision-making module decreases its involvement with
the day-ahead market. The module excludes less profitable assets and avoids participating
in bilateral contracts where the gains do not offset the costs of leasing the assets (about 4.5%
of the available capacity). Even so, its objective is to maximize the profit. Also, in this case,
the toolkit acts as a conventional generation unit, as demonstrated in Case 1, highlighting
its robustness in these types of scenarios. It should be noted that none of the ESS units were
selected due to the high leasing and investment costs related to this type of asset.

In Case 3, the effect of including mandatory participation conditions for a specific
type of DER asset (in this case, ESS assets, which were not selected in Cases 1 and 2) in the
decision-making module was studied, considering the data, outcomes, and conditions of
the previous cases. The results of this case showed that as the risk profile becomes more
conservative β ≥ 0, the behaviors observed in case 2 remain consistent. This includes less
interaction with the day-ahead market, fewer DER assets being considered for bilateral
contracts (nonetheless, this occurs with a higher risk profile than in case 2), and lower
profits. However, during hours of low PV production, the behavior of the selected ESS
assets becomes more apparent. There is evidence of the arbitrage processes at these hours.
In the scenarios considered, there are greater purchases of energy during the off-peak hours
(hours 1 to 6 and 18 to 24) for the sale of surpluses during peak hours. This is accomplished
in search of the highest possible profit, even when considering the change of ESS to lower
capacity (ESS2 to ESS1) with a more conservative risk profile. The trend observed in cases
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1 and 2 is also maintained in this case in terms of the behavior of the tool compared to
conventional generation units. This makes additional options viable when considering
participation in energy markets through DER in other operational or planning scenarios as
a regulatory sandbox as proposed in this research.

This article also highlights the use of both forecasting models in the case of electricity
prices, as well as the use of climatological variables and the modeling of photovoltaic
production for the generation of the different operational scenarios taken into account
through Monte Carlo simulations. The results of the cases presented demonstrate that these
approaches can be reliable for this task, presenting both realistic favorable and adverse
scenarios that fed the decision-making module and the development of the cases presented.

Although the models and techniques employed in the forecasting and uncertainty
modeling modules have an excellent capability to perform their respective tasks, including
decision-making under uncertainty, they require a significant amount of computational re-
sources. As a result, other techniques and approaches to decision-making under uncertainty,
such as Information Gap Decision Theory (IGDT), can be taken into account. These alterna-
tive methods could potentially offer more computationally efficient solutions, especially in
scenarios with a large number of uncertain variables or complex decision spaces.

In addition, other existing market modalities, such as futures markets, can be consid-
ered in this model. The incorporation of futures markets would allow for hedging strategies
and risk management approaches, thereby enabling more comprehensive decision-making
processes for DER aggregators and energy market participants. Furthermore, other types
of DERs, such as electric vehicles and biomass-based generation, can be integrated into
the proposed framework. The integration of electric vehicles would introduce novel
dimensions of flexibility and uncertainty, necessitating adaptations in the forecasting, op-
timization, and decision-making modules. Similarly, the incorporation of biomass-based
generation would necessitate the modeling of biomass supply chains, resource availability,
and associated uncertainties.

These settings will be the subject of future research. By addressing these aspects, the
proposed framework can be further enhanced, enabling more robust, efficient, and compre-
hensive decision-making processes for the aggregation of DERs and their participation in
energy markets under uncertainty.
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BC Bilateral Contracting
CVPP Commercial Virtual Power Plant
DR Demand Response
DER Distributed Energy Resources
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ESS Energy Storage System
ICT Information and Communication Technologies
PV Photovoltaic units
QCQP Quadratically Constrained Quadratic Programming
PPA Power Purchase Agreement
VPP Virtual Power Plant
Sets
H Set of time periods (time horizon)
Nsce Set of electricity price and PV production scenarios
NPV Set of PV candidates for bilateral contract signing/day-ahead market agreement
NESS Set of ESS candidates for bilateral contract signing/day-ahead market agreement
NDR Set of DR scheme candidates for bilateral signing/day-ahead market agreement
Indexes
t Index of time periods (hours) ranging from 1 to H
j Index of PV units ranging from 1 to NPV

e Index of ESS units ranging from 1 to NESS

d Index of DR schemes ranging from 1 to NDR

s Index of electricity price and PV production scenarios ranging from 1 to Nsce
Constants
PriceBC Sale price of bilateral contract ($ COP/kWh)
Cantmax

BC Maximum amount that can be sold in bilateral contracting (kWh)
α CVaR Confidence level
β Weighting factor to balance expected profit and CVaR (risk profile).
Parameters
probs Probability of occurrence of operating scenario s
PriceDA

t,s Pool market price in period t and scenario s ($ COP/kWh)
PowPV

j,t,s Power production of PV unit j in time t and scenario s (kW)
O f PV

j Capacity offer price declared by the owner of PV unit j ($ COP/kWh)
O f ESS

e Capacity offer price declared by the owner of ESS unit e ($ COP/kWh)
O f DR

d Capacity offer price declared by the provider of DR scheme d ($ COP/kWh)
CapPV

j Capacity of PV unit j during a medium-term period declared by its owner (kW)
CapESS

e Capacity of ESS unit e declared by its owner (kW)
CapDR

d Upper limit of curtailing power of DR scheme d declared by its provider (kW)
DDise Depth of discharge window width of ESS unit e declared by its owner
Powchg,max

e,t,s Maximum charging rate of ESS unit e declared by its owner (kW)

Powdchg,max
e,t,s Maximum discharging rate of ESS unit e declared by its owner(kW)

EESS
e,0,s Initial energy of ESS unit e declared by its owner for all scenarios (kWh)

ηchg, ηdchg Charging/discharging efficiency of ESS unit e
conte Discharge contribution factor (over 24 h) of ESS unit e
Variables
PowVPP

t,s VPP available power of for the period t and operative scenario s (kW)
PorcBC Percentage of max power of the VPP that is willing to be supplied via PPAs
CantBC Fraction of the maximum power that can be contracted by the CVPP via PPAs (kW)
partPV

j Binary variable set to 1 if PV unit j is contracted.
partESS

e Binary variable set to 1 if ESS unit e is contracted
partDR

d Binary variable set to 1 if DR scheme d is contracted
Bchg

e,t,s, Bdchg
e,t,s Binary variable set to 1 if ESS unit e is charged/discharged in time t and scenario s

PowESS,chg
e,t,s Power charged to ESS unit e for time t and scenario s (kW)

PowESS,dchg
e,t,s Power discharged to ESS unit e for time t and scenario s (kW)

PowESS
e,t,s Power of ESS unit e in period t and scenario s (kW)

PowDR
d,t,s Power curtailed by demand response d for time t and scenario s (kW)

Powcurt
t,s Amount of VPP power curtailed for period t and scenario s (kW).

PowDA
t,s Power sold (+) /purchased (−) in the pool market for period t and scenario s (kW).

EESS
e,t,s Energy level of ESS unit e in time t and scenario s (kWh)

ξ Value-at-Risk (VaR)
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