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abstract
Today’s electricity system is undergoing a transformation from a model of centralized electricity
generation, to a more decentralized paradigm, where a large number of small energy prosumers (i.e.
both producers and consumers) generate energy and may participate in the energy market. In these
markets, energy is usually traded at a time prior to the time of delivery in an exchange, based on forecasts
of the production and the consumption, and the cost for the prosumers is related to the accuracy of
these forecasts, through the application of penalties when an imbalance appears. In this paper we study
the problem of orchestrating the energy prosumers into virtual clusters, in order to participate in the
market as a single entity and to reduce the total energy cost, through the reduction of the total relative
forecasting inaccuracies. Using a real dataset of 33 prosumers located in Greece, we study different
clustering algorithms, including spectral, genetic and an adaptive algorithm. The performance evaluation
results show that significant cost reduction may be achieved, through the association of the prosumers
into groups.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
In the smart grid era, the electricity market is currently
undergoing an extensive transformation with its opening to new
players, such as aggregators and the effective participation of
small-scale RES (Renewable Energy Source) prosumers, via the use
of market-oriented pricing policies instead of the rather outdated
Feed-In-Tariff (FIT) and premium-based policies [1,2]. Policy
makers and regulators around the globe are continuously seeking
for cost-efficient and self-sustainable RES support schemes,
which should maximize market orientation and minimize market
distortion to achieve competitiveness [3]. As a result, Information
and Communication Technologies (ICT) are needed in order to
realize control centers for small RES prosumers grouping and
management of their supply/demand units in a way that resembles
what some people call virtual power plants [4,5]. Moreover, there
is a proliferation of local electricity market models and community
energy schemes, which are emerging as a mechanism for managing
the increasing numbers of distributed small-scale RES [6–11].
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The commercial aggregator is a new market actor, who mainly
deals with the problem of the market-based efficient integration of
variable RES. In other words, the role of an aggregator is important
for enabling prosumption loads flexibility via sophisticated
management of the resources with the use of ICT tools and
algorithms [1,12]. An aggregator makes service level agreements
(SLAs) with various smart grid stakeholders (e.g. Distribution
System Operator (DSO), Balance Responsible Party (BRP), market
operator) in different electricity markets (i.e. day-ahead, intraday, balancing, congestion markets). The aggregator provides them
with energy flexibility services and needs to conform to these SLAs,
in order to maximize its profits and gain high market shares in
the long term for itself as well as its associated prosumers [13,14].
The task of conforming to a given Service Level Agreement (SLA) is
quite challenging for the aggregator. Therefore, there is a need to
heavily rely on accurate forecasts of consumption and production
from local electricity markets participants as forecasting errors
result in financial penalty costs and opportunity losses [15].
Forecasting individual demand/supply often leads to large errors.
However, these errors can be reduced through the creation of
prosumer clusters, which should be as small as possible for greater
efficiency of the aggregators portfolio. As a result, there is a need
to investigate the relationship between group size and forecast
accuracy as well as the prosumer correlation patterns that allow for
efficient ‘‘clusterings’’. Furthermore, forecast errors are responsible
for erroneous trading and demand/supply imbalances and hence
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they can cause the aggregator to buy more or less than its portfolio
requires, or sell energy that its associated prosumers would prefer
to use [15]. In these cases, financial penalty tariffs are applied due
to the non-conformance of the aggregator to its agreed SLA [16,17].
As a result, there is a need for quantifying these financial costs
and/or missed profit opportunities and research on clustering
algorithms, that can minimize the penalty-related costs for the
aggregator and dynamically adapt to various electricity market
operation contexts.
This paper introduces the ‘‘Virtual MicroGrid’’ (VMG) concept,
in which multiple energy prosumers are orchestrated into
bigger associations towards optimizing the associations benefits
[18,19]. We present a hierarchical architecture in which the VMG
aggregator acts as an intermediary between the various energy
market and grid operation actors representing the interests of the
small-scale RES prosumers (or else virtual microgrids). We focus
on the impact analysis of energy prosumers clustering on penalty
reduction and the respective benefits that VMG associations realize
in comparison with the case, where they participate as individual
entities in the liberalized electricity market. Various clustering
algorithms are presented that run in the Decision Support System
(DSS) of the aggregator and their performance is evaluated
through extensive simulations. The results show that clustering
of prosumers can offer clear benefits for market participation in
terms of their potential to reduce economic penalty costs incurred
by demand/supply imbalances. In order to be able to quantify
the financial costs and opportunity losses, we consider a penalty
function, which is in line with the international literature [16,17].
The objective of each clustering algorithm is to cluster together
different prosumers into groups, so that the aggregate imbalance
of each group, and the corresponding penalties, are minimized.
The basic idea is to group together prosumers who tend to have
an opposite sign (negative correlation) in their imbalance, so
that they cancel each others imbalance out. We present three
different clustering algorithms. The first algorithm adopts the
spectral clustering technique [20], using as inputs the estimation
errors (i.e. the imbalances) of each prosumer over a time period,
e.g. one week. The advantage of the spectral clustering algorithm
is that it achieves low complexity and rapid execution, but the
produced penalty reduction is lower than the other two algorithms
considered. The second algorithm also uses the same inputs, but
instead of spectral clustering it uses a genetic algorithm [21] to
search for the optimal clustering. The genetic algorithm achieves
better results in terms of penalty reduction, but it has higher
computational complexity, and thus longer execution times. The
third algorithm, namely the adaptive algorithm uses near-realtime data to dynamically adapt the clusters, based on the measured
imbalance that each prosumer causes in short-term timeframes.
This algorithm achieves the best penalty reduction of these three
techniques, but it requires more data, and thus has a higher
communication cost. To the best of our knowledge, no other work
in the literature has dealt with this problem. The main novel
contribution points of our work can be summarized as follows:

• a novel ICT framework called VMG is proposed focusing on

the Decision Support System (DSS), which is able to create and
dynamically adapt e-infrastructures called ‘‘virtual microgrid
associations’’,
• quantify the economic profits of DSS toolkits forecasting
accuracy for providing services to BRPs, DSO, the wholesale
energy market and possibly other smart grid stakeholders,
• evaluate and compare the performance of various clustering
algorithms and techniques that achieve a balanced aggregated
system/portfolio without relying on demand response and
other actions related with control of prosumption loads,
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• provide insights and business-related scenarios regarding the
added value of the proposed DSS for commercial aggregators
and other energy services companies (ESCOs) in the liberalized
electricity markets.

The remainder of the paper is organized as follows: Section 2
describes the related work. Section 3 introduces the proposed VMG
framework and system model emphasizing on DSS operation and
its interfaces with other VMG subsystems and market/grid actors.
Section 4 provides the market participation model, while Section 5
all proposed clustering algorithms for prosumer aggregation. In
Section 6, performance evaluation results are provided comparing
the algorithms performance and discussion about exploitation of
results in real electricity markets, too. Finally, future work and
concluding remarks (Section 7) are stated at the end of the paper.
2. Related work
The future energy markets will be primarily financial markets,
where sellers, buyers and traders of electricity communicate in
order to manage their risks by buying, selling or trading financial
contracts for renewable energy. These contracts may vary in time
length and amount of RES energy exchanged. The function of the
electricity markets, or more precisely electricity exchanges, is to
ensure that the power system is operated as efficiently as possible.
Electricity exchanges can be classified according to the time of
delivery of this service. Usually trades that are more than one day
from delivery are called ‘‘futures’’ and are traded on the futures
market. Trades that are one day away from delivery are made on
the day-ahead exchange and trades that are delivered on the same
day (up to five minutes in advance) are done on the intra-day
exchange.
The day-ahead markets are generally the exchanges where
most electricity is traded. In contrast to futures markets, day-ahead
markets usually operate through a two-side auction. Bids have to
be handed in before closing time (e.g. 12 o’clock noon the day
before delivery) and are executed all at once for each hourly block.
This results in one equilibrium price for each hourly block [1].
Most day-ahead exchange operators also operate intra-day
exchanges. These are sometimes continuous markets, which
means that bids will be executed immediately if there is a suitable
counter offer. Bids can be made up to 15 and sometimes 5 min
prior to delivery (among others depending on the TSOs rules
of adjusting the nominations). At the opening of the intra-day
market, the prices for an upward ramping delivery capacity start
higher than the corresponding day-ahead market prices while the
prices for a downward ramping delivery capacity start lower than
the corresponding day-ahead market prices. Although the market
equilibrium defined initially in the intra-day market is equal to the
market equilibrium of the day-ahead market, a new equilibrium
of the intra-day market prices may be reached. This is mainly
because the system status may be significantly modified in case of
unexpected power plant outages and/or failure events of critical
system components, such as interconnection transmission lines.
Moreover, updated information concerning the forecasting of the
RES power generation as well as the load demand requirements,
become continuously available.
As the load into the grids need to be balanced every moment,
BRPs (balance responsible parties) ensure that any deviation
between the load and the generation is balanced. A particular
imbalance during a time period is covered by BRP’s, which are
either billed or credited the actual imbalance energy cost. Of
course the calculation of this price differs depending on the energy
market policy. Consequently, the differences between the dayahead market prices and the intra-day market prices can be
explained by all these changes between load demand and power
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generation after the gate closure of the day-ahead market. In
the renewable energy market, demand response can be used in
order to balance the power needs. Despite the demand response
approach, our proposed novel VMG framework in Section 3, adopts
virtual clustering, as the key to reduce trading costs, caused by
forecasting errors.
In addition, the grouping of small prosumers to VMG’s, who
participate in the market as a simple entity, helps them reach
critical means required to participate in the market. Authors in [16]
simulate a wind power production model in which producers
must sell their energy using contract mechanisms in conventional
electricity markets. The proposed energy market system consists
of a single day-ahead forward market with an imbalance penalty
for scheduled contract deviations. The penalty factor ratio plays
a role in controlling the probability of shortfall with respect to
optimal bids. Reference [17] proposes an economic optimization
solution of an energy retailer, acting as an intermediary between
energy wholesalers and end-consumers. In this approach, retailers
optimize the real-time pricing to minimize their retailing and
imbalance costs. The results show that a retailer has an incentive
to shift the demand using a time-dependent price to reduce
its imbalance. The proposed model focuses on the interaction
between the retailer and a partially flexible consumer. The problem
exhibits a 2-level structure, where the retailer determines the price
schedule delivering the optimal profits (upper-level problem),
while the consumer, based on this price schedule, optimizes its
flexible consumption (lower-level problem). The market penalty
applied to producers (cost per MWh) by the retailer in comparison
to the case where it has perfect information about the energy
consumption. The penalty value can be interpreted as the per-unit
penalty for imperfect information on future consumption from the
producers side. Based on the above studies, in our proposed model,
the prosumer is charged with a penalty value that depends on the
deviation of energy production or consumption (proportional to
the SLA deviation).
Ref. [22] presents a hierarchical framework for participation
of load in regulation market, especially for residential storage
space heating customers. A two-stage decision framework is
presented giving the opportunity for customers to participate in
balancing power market through demand response. The decision
support tool considers the dynamic price and load characteristics
and is practical because it is implementable in a home load
energy management system. The results suggest that storage space
heating load can be beneficial in balancing market and can respond
in real time up/down power regulation requests. In contrast, in our
proposed model architecture storage space was not applied, but
clustering techniques among prosumers were performed in order
to stabilize the energy balance.
Ref. [23] presents a contribution to study the performance of
a genetic algorithm in the clustering problem. A new application
of the genetic algorithm is described for clustering, that includes
the traditional encoding structure of grouping algorithms, and also
novel crossover and mutation operators. The performance of the
algorithm, which is studied under an island model, is improved by
using different fitness functions. Finally a comparison between the
genetic approach and the two most applied algorithms (K -means
and Density Based Spatial Clustering of Applications with Noise
(DBSCAN)) is provided. Based on the above study an application
on these algorithms was implemented in our paper, in order to
achieve the optimal microgrid cluster creation.
The prediction techniques play a really important role in
the decisions that a RES microgrid will take. Production or
consumption forecasting errors may result in high penalty costs
for a prosumer. In [15], the authors investigate the positive impact
of prosumer grouping based on forecasting accuracy, and the
way that it can be exploited for effective participation within

a local electricity market. Through simulation evaluation of the
market interactions of various prosumers, consumers, and groups,
this study tries to investigate the relationship between forecast
accuracy and group size, to quantify the effects of forecasting errors
on local electricity trading under different levels of distributed
generation penetration, to compare the behavior of a group on the
market, and to demonstrate that by participating as a group, the
participants can reduce their potential market-related penalty and
opportunity costs.
Finally, Ref. [24] presents a bidding and scheduling model for
the total cost minimization by trading in an electricity spot market
and taking into consideration costs from grid tariffs, use of fuel and
imbalance penalization. The paper models the flexibility properties
of the underlying energy systems in the prosumers’ buildings
without focusing on the balancing market in detail, rather as
a penalization of the imbalance volume. The penalty represents
the difference between the prices in the Elspot market and the
balancing market. The balancing market has been modeled as
a penalty factor, and the price has been set 5 times the Elspot
price. The contract terms consist also of a fixed fee, that will not
influence their decisions, and an energy fee, 46.56 Euro/MWh, that
is equal for all hours. The experimental results prove that the
available flexibility increases with increasing penalty. Note that in
most countries, currently, RES producers are not held responsible
for imbalances they cause due to their variability or forecasting
errors, which thus constitutes a negative externality that their
participation causes to the rest of the market. The current situation
has been helpful in motivating (benefiting) RES production, but
will probably have to change in the future, since in an efficient
market all such externalities (negative or positive) will have to be
accounted for.
In a similar fashion, authors in [25] investigate how energy
storage mechanisms can improve predictability of VPPs and thus
reduce imbalance costs. They investigate ways in which distributed
storage can help absorb the forecasting errors in clusters of
prosumers. The study focuses on investigating how storage sizing
impacts the predictability and affects its behavior. We note
that in our model, prosumers storage capability does not affect
predictability and optimal energy trading.
3. The Virtual MicroGrid concept
3.1. Virtual MicroGrids vs. Virtual Power Plants
The concept of the Virtual Power Plant (VPP) has been
widely used for managing the various generators of an energy
generation/utility company, which are geographically distributed.
This way, the utility is able to better manage its assets, reduce
its operating expenses (OPEX) and capital expenses (CAPEX) and
provide better services to its customers. The idea behind the Virtual
MicroGrid (VMG) has a lot of similarities with VPP in the sense that
virtualization techniques and ICTs are used for better management
and orchestration of energy resources. However, there are also
significant differences, which motivate us to differentiate VMG
from VPP concept. The main novelty points of the proposed VMG
concept are the following:

• We consider the management of very small energy prosumers

by a novel business actor called aggregator and not large
generation units owned by a big utility company.
• By the term microgrid, we mean any type of small-scale facility
that can produce and consume a small or even negligible
amount of energy (e.g. even public lamp-posts owned by a
municipality can be a VIMSEN Prosumer—VP).
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• The monitoring and control functionalities as well as hardware

•

•

•
•

installations required to support VMG framework are completely different. For example, we develop low-cost VIMSEN
Gateways (VGWs) at the prosumers premises, which are flexibly customizable, backward compatible and communication
protocol-agnostic with a wide range of current solutions deployed in today’s prosumers premises.
The proposed VIMSEN solution is basically an intelligent S/W
solution (lying at VMGAs side), which is offered to the VPs. The
only thing that VPs have to do is to install the VGW and required
sensors and control equipment (if needed) and then no other
actions are required from their side. The VGW adopts an opensource software implementation and does not follow complex
smart grid standards that are followed in VPP case.
Almost all types of VMG system requirements are different including the data acquisition, communication, decision making
and active VMG control management. Differences are mainly
related with the vast number of small prosumers that need to
communicate with each other, be clustered together to maximize their profits and perform aggregated DR actions.
We consider only RES prosumers in VMG framework, which
makes the above-mentioned problems even more complex
mainly due to the intermittent nature of RES.
Contrary to the VPP concept, in which one business actor is
actually responsible for managing its assets and resources, VMG
concept considers a novel business actor called VMGA, which
has to cooperate with various smart grid stakeholders such as
the DSO/TSO and BRPs in order to be able to participate in
liberalized electricity markets. This fact impacts the ways that
the prosumer clustering problem is formulated in order for the
VMGA to be able to respond to different types of events. For
example, for a local congestion management event published by
a DSO, only the prosumers, who are associated with a specific LV
substation are eligible to participate in the clustering process.
On the other hand, in another event, the respective constraints
may be quite different. Conclusively, the VMGA should always
conform with the grid code instructions and SLAs agreed with
various smart grid stakeholders.

3.2. The VMG Decision Support System
Aggregators are expected to play an increasingly important role
in marketing distributed generation, especially as feed-in tariffs
start fading away, and a large number, of small-scale prosumers are
integrated further into the market. The role of an aggregator could
be taken by a number of different actors. It could, for instance, be
the same entity as the BRP, or the DSO or TSO, even through with
a significantly different role, it could be independent aggregators.
The VMG Decision Support System (DSS) is a web platform
that allows the creation of Virtual MicroGrid associations (clusters
of prosumers) transforming the current centralized electricity
market into a highly distributed one. VMGs are associations of
prosumers that are virtually networked with each other and have
agreed to operate together as a single entity, mainly in order to
negotiate more efficiently and achieve a better price when selling
their produced energy. The DSS toolkit is responsible for creating
efficient cluster(s) of prosumers in order to achieve its goals
(e.g., to procure a certain amount of RES energy, stemming from
the requested demands, at the maximum possible benefit for the
virtual microgrids or prosumers associations). With this structure,
small-scale RES prosumers (also called VIMSEN Prosumers—
VPs) are allowed to participate in the liberalized electricity
market. By the term ‘‘efficient clusters’’, we refer to clusters
that maximize penalty reduction. The results of the clustering
process contain some well and worse-performing clusters. Bestperforming clusters can participate in competitive market events

Fig. 1. The VMG-DSS framework.

for more profits realization, while aggregated demand response
actions may be performed for the worst performing clusters by the
VMGA.
As Fig. 1 describes, the VMG-Decision Support System (VMGDSS) is responsible for orchestrating and efficiently managing the
RES production of multiple prosumers. As a result, the VMG-DSS
represents the prosumers in order to sell the surplus energy in the
wholesale market. In this paper, we assume the execution of VMG
creation algorithms on a day-ahead basis, while dynamic VMG
adaptation process runs on a per-hourly basis.
There are five (5) main technical interfaces (IF) and four (4)
other S/W components external to DSS:

• The DSS receives real time measurements from IF EDMS (Energy
Data Management System) interface

• The DSS receives day-ahead and intra-day information from IF
MO (Market Operator)-DSS interface

• The DSS receives forecasts through IF FMS (Forecasting
Modeling System) interface

• The DSS receives information about the respective SLAs through
IF BRP (Balance Responsible Parties)-DSS interface

• The DSS receives DR requests for the congestion energy market
from IF DSO (Distribution System Operator)-DSS interface

• The DSS database (DB) stores all data that is essential for the
operation of the DSS algorithms
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• The DSS algorithms module executes the algorithms implementing the automatic operations of DSS, including clustering,
scheduling and algorithm optimization
• The DSS Acquisition Module (DAM) obtains data from external
(to the DSS) sources
• The Energy Negotiation Module (ENM) implements novel
dynamic pricing algorithms, for the VMG distributed electricity
market.
Within this context, our study includes two (2) main interfaces,
IF EDMS and IF MO-DSS and three (3) modules, DAM, Database
and DSS Algorithms (highlighted in Fig. 1). The EDMS module
is responsible for obtaining the prosumption data from the
prosumers, and for storing this data for use by the other modules
of the VIMSEN system. The information necessary for executing the
DSS algorithms is obtained from the EDMS and stored locally in the
DSS Database. The VMG creation and the Dynamic VMG Adaptation
sub components implement the algorithms for participating in
a dynamic pricing market. These algorithms in general include
clustering algorithms, bidding strategies, as well as demand
response mechanisms. The analysis in this paper emphasizes on
the clustering problem, and how solving it may contribute to
significant savings for the end users. The rest of the interfaces are
out of scope according to our performance evaluation analysis in
Section 6.
4. The market participation model
For prosumer i = 1, 2, . . . , N, where N is the number of
prosumers associated with the VMGA aggregator, we denote the
real prosumption in each hourly block t by
ri (t ) = consi (t ) − prodi (t ),

(1)

where consi (t ) is the amount of energy consumed by prosumer
i at hourly block t, and prodi (t ) is the corresponding energy
production. The forecasted prosumption is denoted fi (t ) at hourly
block t. The forecast is calculated 24 h prior to the corresponding
hourly block (see Fig. 2).
In general, the amount of energy that a prosumer is able or
willing to consume or produce depends on many factors, such as
network charges, congestion, taxes, policy cost, or local balancing.
For example, a smart heat pump in the premises of a prosumer
may regulate its load depending on price signals received from
the market. Investment and operation costs also play a role in the
prosumption, in the sense that a prosumer may only offer capacity
for prices that exceed his marginal costs or reduce consumption
for prices that exceed his ‘‘level of discomfort’’. In this paper,
we concentrate on studying the amount of cost reduction that
may be achieved by clustering (aggregation), so we do not focus
on these phenomena, and we assume that the production and
the consumption for each prosumer in each time period, is an
independent variable, and that they do not depend on the above
mentioned factors.
4.1. The energy cost of an individual prosumer
We assume that each prosumer participates in the dayahead energy market, buying or selling energy depending on the
forecasted prosumption. In this paper the amount of energy that
the prosumer is committed to produce, or consume, i.e. the SLA, is
equal to the forecasted energy production or consumption at the
time of the closing of the market. The revenue/cost caused by the
participation in the day-ahead market is calculated based on the
amount of energy that is traded. Thus, the associated cost/revenue
is
cida

∗

(t ) = fi (t ) × p (t ),

(2)

where p∗ (t ) is the energy price per unit at hourly block t, obtained
from the day-ahead market. This value may be either positive,
which indicates a cost for the prosumer, or negative, which
represents a revenue of the prosumer.
If the forecasts always reflected accurately the true net amount
of energy that is produced or consumed, Eq. (2) would give the
actual cost/profit for each prosumer. However, the prosumers may
not be able to honor their day-ahead commitments, either because
the amount of energy they produce is different than the amount
they estimated, e.g. due to unforeseen weather conditions, or
because the amount of energy they consume is different than the
amount that was forecasted.
We assume that when there is a difference between the amount
of energy traded in the day-ahead energy market and the amount
that was actually produced or consumed, the prosumer is charged
with a monetary penalty, that is proportional to the deviation from
the SLA. We use two penalty factors: ps , when the real prosumption
exceeds the forecast, and pv , when the real prosumption is lower
than the forecast. Thus, according to our model, the actual cost may
be calculated using the following formula:


f (t ) × p∗ (t ) + (ri (t ) − fi (t ))

i
× (1 + pv ) × p(t )
ci (t ) =
ri (t ) × p∗ (t ) + (fi (t ) − ri (t ))


× ps × p(t )

if ri (t ) ≥ fi (t )

(3)

if ri (t ) < fi (t ),

where p(t ) is the price of energy in the intra-day market. In case
the real prosumption exceeds the forecasted one, the prosumer
is charged for the amount of energy he forecasted to produce, at
the day-ahead market price plus a penalty that is proportional
to the deviation, and to the spot market price. In case the real
prosumption is lower than the forecasted one, the prosumer is
charged for the net energy that he consumed, at the day-ahead
market price, plus a penalty that is proportional to the deviation,
and to the spot market price.
We define the estimation error as the difference between the
real and the forecasted amounts of energy
ei (t ) = ri (t ) − fi (t ).

(4)

p∗ (t ) ≡ p(t ).

(5)

In this study, for simplicity, we will assume that the energy price
for each hourly block is the same, without considering the different
markets, or that
This approximation is not expected to have a significant impact
on the simulation results, since, on average, the prices on the
different markets are expected to have a similar distribution. The
up/down offset of the balancing market is captured by the penalty
factors that are calculated based on the imbalance. This allows us
to simplify Eq. (3) as follows:
ci (t ) =



di (t ) + ei (t )pv p(t )
di (t ) − ei (t )ps p(t )

if ei (t ) ≥ 0
if ei (t ) < 0,

(6)

where di (t ) = fi (t )p(t ) is the cost of energy if no penalties were
applied.
We define the penalty function u(ei (t )), as
u(ei (t )) =



|ei (t )| × pv
|ei (t )| × ps

if ei (t ) ≥ 0
if ei (t ) < 0.

(7)

The cost (after penalties) can be calculated as:
ci (t ) = di (t ) + u(ei (t ))p(t ).

(8)

Over the duration of a measuring period, the total cost of a single
(un-associated) prosumer i is
Ci =


t

(di (t ) + u(ei (t ))p(t ))

(9)
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C

The total cost of energy (including penalties) when the
prosumers are aggregated in a cluster.
The total cost of energy (including penalties) when all
C∗
prosumers operate independently.
ci (t )
The cost of energy for prosumer i at hourly block t, when
it is not associated in a cluster.
The cost of participating in the day-ahead market for
cida (t )
prosumer i at hourly block t.
Ci
The cost of energy for prosumer i during the measurement period.
c k (t )
The cost of energy for virtual microgrid k at hourly block
k.
Ck
The total cost of energy for virtual microgrid k.
consi (t ) The energy consumed by prosumer i at hourly block t.
D
The total cost of energy for all prosumers over the
measurement period if no penalties were applied.
di (t )
The cost of energy for prosumer i at hourly block t, if no
penalties are considered.
The cost of energy for prosumer i during the measureDi
ment period, if no penalties were applied.
The error in forecasting the prosumption of prosumer i
ei (t )
for hourly block t.
fi (t )
The forecasted prosumption by prosumer i for hourly
block t.
The term of the fitness function that represents the
fjkα
amount paid in penalties after clustering has occurred for
solution j and cluster k.
fjkb
The term of the fitness function that represents the
amount paid in penalties before clustering has occurred
for solution j and cluster k.
f r (t )
The fitness function of the adaptive clustering method.
The ith gene of solution j (i.e. the cluster id) corresponding
gji
to prosumer i.
G
The degree matrix for the spectral clustering algorithm.
i
The index number of a prosumer.
j
The index number of a solution to the clustering problem
(or the index of a second prosumer depending on
context).

k
K
L
mk
m∗k (t )
N
p(t )
p∗ (t )
ps
pv
p(mk , t )
p(m∗k , t )
prodi (t )
ri (t )
sj
t

u ei (t )
xij
pe

xij

xne
ij
pp

xij

np

xij
X
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The index number of a cluster.
The number of clusters in the system.
The Laplacian matrix for the spectral clustering algorithm.
The set of prosumers in cluster k.
The set of prosumers in cluster k, at time t, after applying
the dynamic adaptation algorithm.
The number of prosumers in the system.
The energy price for hourly block t in the spot market.
The energy price for hourly block t at the day-ahead
market.
The penalty factor that is applied when the estimation
error is negative.
The penalty factor that is applied when the estimation
error is positive.
The penalties that would be charged for cluster mk in case
the initial clustering was applied.
The penalties that would be charged for cluster mk in case
the new (adaptive) clustering was applied.
The energy produced by prosumer i at hourly block t.
The prosumption (i.e. the net energy consumed) by
prosumer i at hourly block t.
Solution j of the clustering problem.
The index of an hourly block.
The penalty function
The correlation between two prosumers i and j, over the
measurement period.
The positive correlation of the forecast errors between
two prosumers i and j, over the measurement period.
The negative correlation of the forecast errors between
two prosumers i and j, over the measurement period.
The positive correlation of the prosumption between two
prosumers i and j, over the measurement period.
The negative correlation of the prosumption between
two prosumers i and j, over the measurement period.
The similarity matrix for the spectral clustering algorithm.

Fig. 2. Nomenclature: list of the symbols used in the analysis, and their physical meaning.

or
Ci = Di +


t

where Di =

The energy cost of virtual microgrid k is given by
u(ei (t ))p(t ),



t

(10)

di (t ).

c k (t ) =

If all prosumers in the system operate in the market independently, then the total cost is equal to the sum of the costs corresponding to the individual prosumers. Thus
C∗ =

i



= D+
= D+

Di +






where D =

t





u(ei (t ))p(t )

t

i



p(t )

Di .


i



u(ei (t )) ,

k

C =





ei (t ) p(t ),

i∈mk

(12)

(11)

4.3. The energy cost of prosumers aggregated in virtual microgrids
Assume that we have aggregated the prosumers into a number
of K virtual microgrids, mk , k = 1, 2, . . . , K , with i ∈ mk if
prosumer i is associated to virtual microgrid k.


 
t

i∈mk

di (t ) + u


i∈mk



ei (t ) p(t )

(13)

and the total cost for the entire VMG infrastructure is:
C =

u(ei (t ))p(t )

t

i

i∈mk

di (t ) + u

the total cost of virtual microgrid k for the measuring period is:

4.2. The energy cost of non-aggregated prosumers
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1≤k≤K
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i∈mk

di (t ) + u



ei ( t )
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i∈mk



ei (t ) p(t )
(14)

5. Clustering algorithms for prosumer aggregation
In this section we present algorithms for forming the VMGs by
deciding which prosumers belong in which VMG. The algorithms
presented include a spectral clustering algorithm, a genetic
algorithm, and an adaptive one.
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5.1. Prosumer aggregation with spectral clustering

5.2. A genetic algorithm for prosumer clustering

We start by presenting a prosumer clustering algorithm that
uses the technique of spectral clustering. This technique makes
use of the spectrum (i.e. the eigenvalues) of the similarity matrix
to perform dimensionality reduction before clustering in fewer
dimensions. The advantage of the spectral clustering method
is that it is relatively faster than other clustering methods,
especially when the dimension of the problem increases. The
spectral algorithm is used for obtaining clusterings where, given a
similarity matrix, the intra-group similarity is large, and the intergroup similarity is large.
The first step for applying a spectral clustering method is to
define the similarity matrix. In our case we are interested in
minimizing the forecasting errors within each cluster, so we define
a similarity matrix based on the correlation of the prosumption
values, or forecasting errors between prosumers.
Specifically, we consider four different cases for constructing
the similarity matrix:

In this section we present an algorithm for generating optimal
clusters using genetic algorithms. Genetic algorithms (GAs) have
been widely applied to clustering problems, due to their capacity
to be applied to very different problems with very few changes, and
also because these algorithms are able to manage constraints in an
efficient way [23].
We will present the definition of a chromosome for the
specific problem under examination, and we will define the fitness
function that is used to determine the suitability of each candidate
solution.

• Positive correlation of the estimation errors:

ei (t )ej (t )
t
pe
xij = 
.

e2i (t )
e2j (t )
t

(15)

• Positive correlation of the prosumption:

ri (t )rj (t )
t
pp
xij = 
.

ri2 (t )
rj2 (t )
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(16)

(17)

t

• Negative correlation of the prosumption:
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G = diag
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xij



,
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u
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ei (t )

i∈mk

(23)

fjkb =

 



u ei (t ) ,

t

i∈mk

i ∈ mk ⇐⇒ gji = k.
(20)

(24)

(21)

The next step is to calculate the eigenvectors of the Laplacian
matrix. We take the first k eigenvectors (where k is number of
clusters to be created), and create a matrix that consists of these
k eigenvectors, with each vector as a column of the matrix. From
this new matrix, we take the N vectors that correspond to the rows
of table. We then run a k-means clustering algorithm on the vectors
that were produced.

(25)

The fitness function is defined as:

f (sj ) =

we can define the Laplacian matrix of the system as
L = G − X.

5.2.2. The fitness function
The fitness function in a genetic algorithm determines how
good or bad one solution is compared to another one. It should be
defined in a way that better solutions have a higher fitness value
than worse solutions.
The objective of the clustering algorithm is to orchestrate the
prosumers into clusters in a way that minimizes their costs, by
reducing the uncertainty in the estimation of their prosumption,
and thus reducing the penalties that they will be charged with.
Thus, the fitness of a solution will depend on the percentile
improvement in the penalty costs that each cluster in the system
may achieve for its prosumers. Considering Eqs. (11) and (14), we
see that the virtual microgrid will have the most benefit, it manages
to make the term

where mk may be constructed by the chromosome sj like so:

where i, j ≤ N are the indexes of the prosumers.
Considering the degree matrix defined as,



(22)

as small as possible in relation to the term

In all cases the similarity matrix is constructed like this:

X = [xij ],

sj = (gj1 , gj2 , . . . , gjN ),

where gji < K is the id of the cluster where prosumer i is assigned,
and K is the maximum number of clusters.

t

• Negative correlation of the estimation errors:
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5.2.1. The genetic representation
In order to use a Genetic Algorithm for solving the prosumer
clustering problem we first have to define the genetic representation, i.e. the structure of the chromosome that will be used to solve
the optimization problem. In the case of prosumer clustering, we
represent each solution as a vector of size N, where N is the number of prosumers that are to be clustered into virtual microgrids by
the genetic algorithm. Thus, solution sj may be written as

 fjkb − fjka

1≤k≤K ,
mk ̸=∅

fjkb

.

(26)

5.2.3. The mutation function
The mutation function is essential for maintaining genetic
diversity from one generation of a population of chromosomes
to the next. The mutation method that is applied in our genetic
algorithm implementation swaps the position of two consecutive
genes.
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5.2.4. The reproduction function
The reproduction function is used to combine two chromosomes (solutions) into a single new chromosome. There are several
ways to combine two chromosomes, such as one-point crossover,
two-point crossover, cut-and-splice, edge-recombination, etc.
In our implementation of the genetic algorithm, we used two
methods:

• Two-point crossover. According to this method, two random
numbers 1 ≤ x1 , x2 ≤ N are selected, and the new chromosome
consists of the genes of the first parent, for genes with i < x1
and i ≥ x2 , and the genes of the second parent for genes
with x1 ≤ i < x2 . This method is identified as simple in the
experiments below.

• A custom heuristic function. The heuristic tries to maintain good

clusters from the parents in the offspring. It works like this:
The clusters of each parent are ordered in descending fitness,
and the first cluster (best fitness) is selected and added to the
offspring chromosome. Next, the prosumers that were in the
first cluster are removed from the remaining clusters, their
fitness is recalculated, and the clusters are sorted again. We
again select the cluster with the best fitness, and add it to the
offspring, and the above process is repeated, until the number
of clusters in the offspring reaches the target clustering size K .
Any remaining prosumers that are not assigned to a cluster, are
added to the last cluster. This method is identified as smart in
the experiment below.

We can see a comparison of the two different reproduction
functions in Fig. 3. Fig. 3(a) and (b) depicts the average and standard
deviation respectively, we can see that the smart function requires
fewer generations to reach its optimal value, than the simple one.
However, the simple function reaches a better solution on average.
Since the two reproduction functions require different execution time, we compared them in terms of how much processing
time is needed for obtaining their solutions. In Fig. 3(c) we can see
10 individual runs of the genetic algorithm, and in Fig. 3(d) we can
see the average values with error bars. From these figures we can
see that the smart function is slower in terms of generations per
second, so the difference between the two functions is smaller than
in the previous figures. However, even if we take into account this
difference in execution time, the smart function is quicker in obtaining the best value of each run, with the simple algorithm reaching a better value in the end.
5.3. Dynamic adaptation
The previous two clustering methods try to create a static
cluster allocation, that will be used for participating in the
energy markets. The idea behind the dynamic adaptation algorithm
(also mentioned as adaptive algorithm), is that the clusters may
be recalculated dynamically at runtime, in a way that would
minimize the estimation errors of each cluster, and consequently
the penalties that each cluster will have to pay.
The inputs of the dynamic adaptation algorithm are the target
prosumptions qk (t ) for each cluster and for each hourly block,
which correspond to the amount of energy that each cluster has
successfully bid on the day-ahead market at each hourly block, and
also the real prosumption ri (t ) of each prosumer.
The algorithm is executed at each hourly block. It searches
for a solution that maximizes the sum of the percentile penalty
reduction for all the clusters. Assume an initial clustering mk , with
i ∈ mk if prosumer i is assigned to cluster k. This clustering may
be created using the previous static allocation algorithms, like the
spectral and the genetic algorithms that were presented in the
previous sections. The dynamic adaptation algorithm searches for
a new clustering m∗k (t ).

97

The penalties that would be charged for cluster mk , in case the
initial clustering was applied, are
p(mk , t ) = u





i∈mk



(ri (t )) − qk (t ) .

(27)

The penalties that are applied after the dynamic cluster has been
created, are



∗





p mk (t ), t = u 



i∈m∗
(t )
k



(ri (t )) − qk (t ) .

(28)

Thus, the fitness function is defined as



 p(mk , t ) − p m∗k (t ), t
f (t ) =
.
p(mk , t )
1≤k≤K ,
r

(29)

mk ̸=∅

The remaining design choices for the genetic algorithm, i.e. the
genetic representation, and the crossover and mutation function,
are left the same as in the previous section.
6. Performance evaluation
6.1. Comparison of clustering algorithms
In order to evaluate the performance of the six clustering
algorithms considered in the paper, we execute experiments on
data from 33 real prosumers located in Greece. These prosumers
included residential, and corporate buildings, such as houses,
schools, SMEs, and Industries. The data used was the total energy
consumption of each prosumer over time. The measurement
intervals that were used were 15-min long, 1-hour long and daily
measurements. The components that were used for obtaining
the data included raspberry pie boards that function as the
local gateways. An MQTT broker was used for aggregating the
information from the gateways to the EDMS system, whereas the
DSS component was implemented in Ruby.
The locations of the prosumers are shown in Fig. 4. The different
clusters are denoted by the colors and number of the markers
corresponding to each prosumer. Fig. 4(a) corresponds to the
spectral clustering algorithm, while Fig. 4(b) corresponds to the
genetic clustering algorithm. Both figures are indicative of a single
execution of each algorithm, as repeated runs generally create
different clusterings. The clustering produced by the dynamic
clustering algorithm is not depicted, since it creates a different
clustering for each hourly block.
The configuration parameters of the genetic algorithm are
the following. The initial population was 200 randomly created
chromosomes, and the genetic system evolved for 100 generations.
The number of clusters was set to 5. We used the prosumption data
of the week 23/3/3015 to 30/3/2015 in order to train the genetic
and the spectral algorithms.
For the following 9 weeks, we tested the above clustering with
new forecasted and prosumption data. For each of the following
weeks, we calculated the cost according to our model considering
the clustering that was calculated using data from week 0.
The results are depicted in Fig. 5. We see that the clusters that
are formed using data from week 0, using the static clustering
algorithms, maintain their performance during the following
weeks of operation. This leads us to conclude that the clusters
formed are not totally dependent on the training data, but are
based on the correlations in the estimation errors among different
prosumers.
From the results we can see that the different spectral
algorithms create at least two clusters consisting of only one
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(a) Fitness per generation—individual.

(b) Fitness per generation—error bars.

(c) Fitness over time—individual.

(d) Fitness over time—error bars.
Fig. 3. Evolution of the genetic algorithm.

(a) Spectral clustering.

(b) Genetic clustering.

Fig. 4. Indicative illustrative results as they are shown in the DSS toolkit. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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(a) Spectral positive errors.

(b) Spectral negative errors.

(c) Spectral positive prosumption.

(d) Spectral negative prosumption.

(e) Genetic clustering.

(f) Adaptive clustering.
Fig. 5. The penalty reduction percentage for each of the clusters that were generated by the clustering algorithms.
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(a) Average penalty reduction per cluster.

(b) Percentile reduction of total penalties.

Fig. 6. The penalty reduction percentage for the clusters that were generated by the clustering algorithms.

prosumer each. These clusters cannot improve the penalties
incurred, so their improvement percentage is at zero. The other
three clusters have non-zero improvement that fluctuates from a
few percentage points to just under 40%.
The genetic algorithm shows better performance than the
spectral-based ones. The clusters created by the genetic algorithm
have a positive improvement for all the weeks that were tested,
and the penalty reduction of the reaches up to above 50%.
From Fig. 5(f) we can see that the adaptive clustering algorithm
significantly outperforms the static ones, yielding, for most
clusters, close to perfect (100%) penalty reduction. However, since
the re-clustering technique only regroups the prosumers, without
affecting their total prosumption, and consequently the total
imbalance in the system, there is always at least one cluster that
performs poorly. This cannot be corrected only with reclustering
techniques, but different mechanisms, such as demand response
(DR) should be used to do so. However, only a small group of
prosumers need to apply DR, due to the aggregation into virtual
microgrids.
In the architecture of the Virtual Microgrids for Smart Energy
Networks (VIMSEN) project [18], the DR capabilities are exposed
to the DSS through the DSS/GDRMS (Global Demand Response
management System) interface.
In order to quantify the improvement of the algorithms, we
averaged the improvements on all clusters, and the results are
depicted in Fig. 6. In Fig. 6(a) we can see the average penalty
reduction per cluster. We observe that both at the training week,
as well as for all the following 9 weeks, the average performance of
the genetic clustering algorithm is always better than the spectral
clustering. However, despite its worse performance, we believe
that the spectral algorithm is still useful, because it is much
quicker than the genetic clustering algorithm, so it can be used
for prosumer clustering in response to real-time DR events. The
adaptive algorithm may achieve the best performance in terms
of penalty reduction, since it utilizes real-time data to correct
the imbalance of each cluster when this is feasible. However,
the operation of the adaptive algorithm is dependent on the
availability of real-time prosumption data.
In Fig. 6(b) we can see the total penalty reduction for the
entire system, for each clustering algorithm. In terms of total
penalty reduction, the performance of the different algorithms
is almost similar, at some weeks, whereas for other weeks, the
genetic and adaptive algorithms achieve the best reduction. Thus,
the advantage of the genetic and adaptive clustering algorithms

is not so much the reduction in total penalties paid, but in the
average reduction per cluster. This can be explained by the design
of the fitness function, which sums the percentile improvement per
cluster.
6.2. The effect of the number of clusters
In this subsection, we evaluate the effect of the number of
clusters (or the size of the clustering). We tested the six algorithms
for clustering sizes ranging from 1 (all prosumers together) up
to 5 clusters. The results are depicted in Fig. 7. The size of the
clustering is an important operational parameter, since it directly
affects the performance of the system. In the extreme case, all
prosumers would be added to the same cluster, and this could lead
to the smallest estimation errors for the system as whole. However,
choosing a clustering size larger than one may be advantageous for
some clusters, that may achieve a better performance than they
would if all prosumers were in the same virtual microgrid.
In Fig. 7, we depict the performance of the different clustering
algorithms, for different values of the cluster size K . For the spectral
clustering algorithms (Fig. 7(a)–(d)) we observe that one cluster
yields the best performance, with an improvement ranging from
15% to 25% for most of the data points. The remaining clusters
usually have improvements that is close to 0%. On the contrary,
the genetic clustering algorithm (Fig. 7(e)) usually achieves an
improvement of more than 20% for most of the clusters, with
one or two clusters having a low penalty reduction value. For the
adaptive algorithm (Fig. 7(f)), we notice that most clusters have
a very good value for the penalty reduction (over 80%), with a
single cluster (or at most two) having a lower penalty reduction
ratio.
Finally, in Fig. 8 we remark a comparison of the performance
of the different clustering algorithms. In Fig. 8(a) we represent
the average performance among all the clusters of each algorithm,
for different clustering sizes. We see that the performance of
the six algorithms is the same for a size equal to one, since
the results are the same in all cases. When the clustering size
increases, the average performance of the spectral algorithm
worsens. This can be explained from the operation of the spectral
clustering algorithm, which only looks at the correlations between
prosumers, without considering the average penalty reduction. In
contrast, the performance of the genetic algorithm improves for
larger clustering sizes, and this may be explained by the fact that
when we have more than one cluster, the algorithm searches for
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(a) Spectral positive error.

(b) Spectral negative error.

(c) Spectral positive consumption.

(d) Spectral negative consumption.

(e) Genetic clustering.

(f) Adaptive clustering.
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Fig. 7. The penalty reduction percentage for the clusters that were generated by the clustering algorithms for different clustering sizes.

solutions that improve the penalty reduction per cluster, usually
leading to a situation where all clusters, except one, having a good
penalty reduction, with one cluster containing the prosumers that

could not be added to the previous clusters, without worsening
the performance. The adaptive algorithm exhibits the best results
for clustering sizes larger than one, and its performance improves
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(a) Average percentile penalty reduction.

(b) Total percentile penalty reduction.
Fig. 8. Total amount of penalties paid for different clustering sizes.

for larger clustering sizes. This happens because the adaptive
algorithm is capable of re-clustering the prosumers into groups
that can eventually maximize the penalty reduction per cluster.
In Fig. 8(b), we present the percentile reduction in total penalties
paid, for the different clustering algorithm. As we can observe
the adaptive algorithm has the best performance, followed by
the genetic algorithm, and then by the various spectral clustering
algorithms.
It is important to differentiate between the globally optimal
solution and the solution that is optimal for a specific set of
prosumers. If the objective is only to minimize the total penalties
payed throughout the system, then a single cluster would usually
lead to the optimal solution. However, this is clearly not optimal
for all prosumers. For example, as we can see in Fig. 7(f), using
the adaptive algorithm, all clusters except one achieve a penalty
reduction of over 70%. For the prosumers that participate in these
specific clusters, the benefit of clustering is higher than what it
would be if there was a single cluster. In addition, in Fig. 8(a) we can
see that the average penalty reduction (for the adaptive algorithm)
is larger than the penalty reduction for k = 1 (one cluster). As
a result, if the objective is simply to reduce the total penalties,
k = 1 is usually the optimal solution. On the other hand, if we take
into account the performance of individual prosumers and clusters,
then by partitioning the aggregator’s portfolio into associations,
we can obtain some clusters with a performance that far exceeds
the k = 1 case. In other words, if one wants to minimize total
imbalances, then a single cluster is most frequently the optimal
configuration; however, there may be configurations in which the
clustered customers benefit immensely from excluding certain
customers. In addition for each of the proposed algorithms, there is
a threshold in the cluster size, above which no significant gains are
realized. This raises the regulatory questions: should aggregators
be able to exclude certain customers from their portfolios? This
conclusion can be exploited by the VMGA in its strategy when
deciding in which type of events it may participate in order to
offer its flexibility services to the various smart grid stakeholders.
Finally system constraints between the prosumer connection, such
as voltage limits in the sub-systems (e.g. lower and upper voltage
limits for each bus) require the prosumer categorization into
clusters.
7. Concluding remarks and future work
The papers results can be summarized in the following remarks:

(a) It is shown (via both analytical and simulation results) that the
aggregation of multiple energy prosumers profiles significantly
outperforms the case in which individual energy prosumers
participate in a liberalized electricity market, which will be
the case for the smart grid future business. This allows smallscale prosumers to effectively participate in day-ahead market
and another new business actor, namely virtual microgrid
aggregator (VMGA) to emerge.
(b) An operational ICT platform is introduced called VMG DSS,
which supports the efficient virtual microgrid infrastructure
operation. All proposed research algorithms run on DSS and
the latter cooperates with other S/W components residing at
the VMGAs side, being part of the overall architecture.
(c) The performance of three different clustering algorithms using
real-life energy prosumption datasets has been evaluated.
Simulation results have shown the pros and cons of each
algorithm and the major conclusion is that the more data that is
available the better decisions can be made. It is also shown that
the best-performing clusters can participate in competitive
market events for more profits realization, while aggregated
demand response actions may be performed for the worst
performing clusters.
(d) The effect of average cluster size in the performance of the
proposed clustering algorithms has been studied. It is shown
that for each algorithm, there is a threshold in the cluster size
above which no significant gains are realized. This conclusion
can be exploited by the VMGA in its strategy when deciding
in which type of events it may participate in order to offer its
flexibility services to the various smart grid stakeholders.
Regarding future work, it is expected that aggregator will be
responsible for acquiring flexibility from its registered prosumers,
aggregating it into a portfolio, creating services that draw on the
accumulated flexibility, and offering these flexibility services to
different markets, serving different market players. Three main
customer segments can be distinguished for the VMGAs flexibility
services: (1) the prosumers, (2) the DSO and TSO (note that TSO
may be indirectly served by VMGA via a BRP), and (3) the BRPs.
As of the first customer segment, Time-of-Use and selfbalancing services can be offered to prosumers towards reducing
the latter’s energy costs. Control of prosumers maximum load
service can also be offered for reducing grid connection costs.
Finally, controlled islanding service may increase prosumers
availability.
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Furthermore, VMGA flexibility services for the DSO/TSO could
be summarized as follows: (i) short-term congestion management,
voltage control and power quality support services to delay
grid reinforcement and avoid grid investments, (ii) grid capacity
management to optimize asset use and reduce grid losses, (iii)
controlled islanding and redundancy support services to reduce
frequency and duration of outages.
Finally, regarding the third customer segment, VMGA is able
to provide: (a) day-ahead, intra-day and generation portfolio
optimization by shifting loads from a high-price time interval to
a low-price time interval and (b) self-balancing service towards
reducing BRPs balancing costs.
In all above-mentioned cases, prosumer clustering problem
may have various and diversified constraints imposed by the
specific requirements of each business scenario. This paper has
provided some initial insights about the performance of various
clustering algorithms and the effect of average cluster size in the
decision making process from the aggregators perspective.
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