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English summary

This research study explores control strategies for energy systems, giving due considera-
tion to human involvement and personal preferences, dissatisfaction, and motivation.
The aim is to create a paradigm shift from traditional approaches where control strate-
gies often overlook the behaviour of people. As an alternative, this study introduces
the actor-service- system paradigm, a novel approach for designing innovative energy
systems that significantly incorporate human actors.

The proposed solution, applied in the context of energy communities, refers to
a recommendation system acting as a service that facilitates the interaction between
people acting as community members and the pure technical system consuming or
producing energy. Several proposed service implementations demonstrate how opti-
mization problems may be shaped to provide solutions that maximize system perfor-
mance and minimize user dissatisfaction when adhering to recommendations. Since in
energy communities people voluntarily join to share energy and foster environmental
benefits, the recommendation system capitalises on the potential psychological, moti-
vational and social aspects that may be involved in such an organisation. Subsequently,
several interaction and behaviour models are proposed, along with associated recom-
mendation strategies developed on optimisation principles. The idea is to demonstrate
how stochastic models or Hidden Markov models may represent suitable solutions for
describing how people react to recommendations in their daily energy consumption
behaviour, while interaction models implemented as multi-agent systems represent a
way of organising the community around the recommendation system. Altogether,
these elements harmonise human effort and comfort to achieve various objectives set
by the community in terms of energy performance.

The effectiveness of the proposed methods is demonstrated through several case
studies. These studies show concrete examples of the recommendation system’s im-
pact on contrasting communities and highlighting the actor-service-system paradigm
common role. The recommendation system embodies the core idea of future control
techniques, positioning the service as a decision-aiding assistant and emphasising the
psychological significance of recommendations in enhancing performance or fostering
long-term sustainable behaviours.
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Chapter 1

Introduction

1.1 Role of humans in the energy transition
Technology evolves around us with incredible speed, as innovation in the digital
world grows exponentially. We can notice that we have abundant digital services
available at a glance, thanks to incredibly complex data-center infrastructures.
Urban services are embracing digital transformation, as the communication
between cities and citizens becomes strongly facilitated by informational tech-
nologies. Around us at home we notice various so called intelligent devices,
ready to help us in our every-day routine.

However, everything comes at a price. Even though these services may seem
accessible in terms of cost, the energy (especially electricity) consumed to keep
everything up and running is sometimes wrongfully neglected. By embracing
comfort, people tend to forget about indirect implications of their actions in
terms of energy consumption. This is because, traditionally, we focus more
on the economical evaluation of products and services. While the purchasing
power grows, the focus shifts from the economical evaluation of services and
products to other priorities, while energy demand constantly grows. As the
lifestyle of people improves, their energy demands (electric heating) concur-
rently grow, while energy consumption is often disregarded. One should not
mistake that high values for economical indicators such as purchasing power
are definitely desired, however in a permanently evolving environment in terms
of demand, attention should always be paid on how energy is consumed.

Efficient energy consumption becomes an additional objective of the global
aim to reduce global carbon emissions. In the European context, this chal-
lenge is clearly addressed in the European Green Deal (European Commission.
Directorate-General for Energy, 2012), emphasising that there is clear need for
more effort in making cities, housing or transportation systems significantly

1



1 In Germany, it is noted that
a major building retrofitting
effort did not lead to effec-
tive reduction in thermal
energy consumption, as
values decreased from 131
kWh/m2 in 2010 to just
130 kWh/m2 in 2018 (Cé-
cile Boutelet, 2020)

2 Whether this goal is envi-
ronmental or economical,
people should decide to-
gether and renewable energy
must be involved in some
way.

more long-term sustainable. This is not an easy challenge, as simple infrastruc-
ture investments or building retrofitting might not have the expected impact.
Often it is noted that there is typically a performance gap between the desired
energy performances established during the design stage and the actual opera-
tional performances obtained when the buildings are inhabited.1 It is clear that
people have increased their comfort requirements and become less aware of the
energy they consumed.

1.2 Energy communities - a possible solution
As systems are not able to achieve performances alone, the focus gradually
shifted towards human behaviour. In Guillard (2021), the concept of "energy
sobriety" is mentioned as the idea of adapting our behaviour for consuming
energy in a more efficient conscious manner. This concept envisions a possible
objective that may be achieved as a consequence of various contributing ac-
tions, such as: conscious efficient energy consumption, prioritisation of energy
consumption related activities (or appliances), and others.

Another concept proposed by European forums (still connected to energy
sobriety by the social component) is represented by energy communities. A
typical energy community is a form of organisation voluntarily formed by peo-
ple or small businesses in which renewable energy is produced and consumed,
with the aim to obtain environmental, economical or social benefits (Frieden
et al., 2019). As an important rule, decisions are established in the community
in a democratic manner regarding all aspects: specific objectives, the manner in
which benefits are shared between community members.

There may be two community types: renewable energy communities must
be limited geographically and are generally opened to all types of energy (Eu-
ropean Parliament and Council of the European Union, 2018), while citizen
energy communities are focused on electricity and may not be limited geograph-
ically (European Parliament and Council of the European Union, 2019). Aside
the technical aspects related to energy, there is an important idea behind energy
communities: the social component. By relying on voluntary participation, it
is expected that people who are somehow motivated towards sustainable energy
consumption gather around together under a specific goal. 2 In the same way,
it is expected that people become more aware of how the energy is consumed
since they participate voluntarily, they are motivated and their social image is
open towards other community members.
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1.3 Potential challenges
Most of the research works in the domain of energy systems automation rely on
controlling appliances and renewable resources (often defined as "systems"). It
is clear that a change of direction is needed since the systems alone, as designed,
cannot achieve the a priori established performances when people are actively
involved in the operational phase. Many energy systems involve humans, from
grid to homes with all the intermediate scales. In a human-system cooperation
involving energy consumption, the final decision should always be at the side
of people, since they reflect the true, unconditioned demand. So, efficient en-
ergy consumption should ideally come as a consequence of purely motivated,
uncontrolled behaviour. With this in mind, this work carefully addresses the
issue of automation and the involvement of systems in human life, since it is
desired that systems sufficiently aid people in developing their behaviour and
becoming better in their own energy consuming actions.

Another challenge is related to the efficient usage of renewable energy
through flexibility. As storage systems are available, it is still difficult to inte-
grate them with households and other systems as economical and dimensional
problems arise. It would be interesting to investigate whether people, with their
energy consumption behaviour, can provide energy flexibility when needed.
The potential outcome may be represented by cities with energy systems de-
signed and operated in a more profound, human-centered manner, with renew-
able energy sources that are exploited to their potential by conscious human
behaviour.

1.4 The thesis
Given the current challenges in terms of energy sobriety, sustainability and
the future of energy consumption, the problem investigated in this thesis is
how to manage the human involvement in systems such as an energy commu-
nity. Specifically, in a context where renewable resources such as photovoltaic
(PV) panels are available, the challenge is to influence a distributed system (re-
flected by community members and their autonomous energy consumption
behaviour) to act in a manner that capitalizes on the available renewable pro-
duction. The problems investigated in this work have the potential to uncover
a way in which both systems and humans may act in coordination, with the
voluntarily participation of people having a decisive impact on improving the
system performance.
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The main contribution of this work is reflected in a recommendation sys-
tem, a solution that takes into account cognitive aspects of human behaviour
to guide people in their daily actions so that they may improve their energy con-
sumption behaviour. The system is integrated in several models and controlling
principles for influencing energy communities and to properly evaluate the im-
pact of such an organisation. This work is expected to be a small stepping stone
at the foundation of a new paradigm, in which systems are designed consider-
ing the human impact as a significant, contributing partner in achieving the
desired performance. Consequently, this work can envision a future where tech-
nology must be shaped so that humans cooperate with systems in a coordinated,
uniform manner, so that people improve their behaviour, acquire knowledge,
prioritize what is meaningful to them and fulfill their objectives. With the mod-
els, the controlling principle and the simulation tools presented in this work,
one may catch a glimpse into the potential of collective action, where people
are guided and sometimes cooperate with the surrounding systems to obtain
environmental and economical benefits, taking individual decisions that affect
both the performance of the community, but also have an impact in terms of
human effort.
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3 For example PV energy
production is influence
by temperature, partial
shading phenomena, solar
irradiation direction, etc.

Chapter 2

State of the art review

2.1 Energy flexibility
An energy system based on renewable energy is typically composed of con-
sumers, renewable energy sources and the grid. Typically, in the operational
phase, consumers rely on the renewable energy (if available) and on the grid
in other cases. However, two consequent situations may be observed here:
firstly, there are times when there is excessive renewable production that is often
wasted, since consumer demand is not high enough and secondly there are other
times when demand is significantly higher than renewable production. In this
case, energy flexibility can be interpreted as the capacity of the system to adapt
its consumption and production to achieve energy balance.

Energy flexibility is subject of many research works, given the ongoing devel-
opment of renewable sources that are frequently dependent on weather condi-
tions, and therefore generate power in a more or less unpredictable manner
3. In residential and urban local levels, flexibility may be achieved through
the usage of storage systems in different forms: batteries, electrical vehicles,
etc. This implies that there is a certain control mechanism employed for the
charge/discharge process to occur in a robust manner, aiming for maximum
benefits. Azevedo and Santos (2021) present a residential-specific energy sys-
tem with PV panels and storage capabilities. Although a typical low-power
system is presented, the authors indicate that the cost of batteries may rep-
resent a problem in other situations. Dongol et al. (2018) propose a model
predictive controller that manages a storage system for balancing the consump-
tion and production in a residential scenario. Similarly as Azevedo and Santos
(2021), the authors indicate that as prices might fluctuate, operational costs
of the system might be higher then expected. van der Meer et al. (2021) pro-
pose a model predictive controller for a residential storage system, which is
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4 Self-consumption mea-
sures how much of the
available production is in-
ternally consumed in the
energy system over a period
of time.
5 Self-sufficiency indicates
how much of the energy
consumption is covered
by the energy produced
internally by the system
6 Here, "sizing" may refer to
the physical size in terms of
space, but it may also refer to
other relevant technical char-
acteristics of the systems,
such as peak power.

7 For example, the criteria
might be economical (op-
erational costs, grid energy
costs), environmental (car-
bon emissions), or any other
metric that is relevant for
the stakeholders, includ-
ing even the human actors’
satisfaction.
8 Given a multi-criteria opti-
misation problem, Pareto so-
lutions are equally optimal,
non-dominated, solutions
that cannot be better in one
objective without penalising
the others

evaluated in terms of self-consumption 4 and self-sufficiency 5. As a future
research perspective, the authors note that flexibility for a system with dis-
tributed buildings (instead of the traditional individual scenario) could pose an
interesting research problem. Engels et al. (2019) present an analysis for a stor-
age system investment, aiming for revenues maximisation using an evolutionary
optimisation algorithm.

For economical and environmental evaluations, there are two situations
often investigated in research works:

• the design stage of an energy system - often referring to optimally sizing 6

renewable resources and energy storage systems such as initial investment
cost is minimised.

• the operational stage of an energy system - referring to a system that is
already deployed, but the challenge is to find the optimal energy manage-
ment strategy that minimises a certain criteria considering a predicted
behaviour of the system for a certain period of time 7.

As for the design stage, techno-economical analysis involving various fac-
tors such as degradation and cost (Maheshwari et al., 2020) or charge-discharge
cycles (M. Cao et al., 2020) are taken into account. Degradation and other
criteria are often included in a Pareto analysis 8 along with traditional economi-
cal criteria, letting a human decision maker choose a favourite strategy among
possible Pareto candidates.

There are also studies related to district level integration of storage systems
(Sameti and Haghighat, 2018), even as electrical vehicles (Fanti et al., 2017), in
order to minimise the costs. In the same way as Maheshwari et al. (2020), Pareto
analysis is developed to present multi-objective optimisation problem solutions
between criteria such as cost and CO2 emission minimisation.

Overall, storage systems represent interesting and useful solutions for pro-
viding energy flexibility, however several important aspects should still be sub-
ject to subsequent research:

• deployment of storage systems might be difficult in residential areas, due
to various safety and economical concerns;

• long-term analysis of such investments (including pay-back periods) are
still to be investigated, considering the fluctuating nature of prices or
degradation costs;

• environmental impact of such solutions is still evaluated from a prelim-
inary perspective, with the focus being typically placed on economical
impact;
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9 Energy system refers to the
renewable energy sources,
storage systems, the grid
and other infrastructure
components.

• investment costs may be too high;

• more reserarch is needed to assess the impact of storage systems in a dis-
tributed architecture.

On the other hand, another possibility to obtain energy flexibility is rep-
resented by involving people in load shifting mechanisms or consumption in-
crease/decrease. Despite involving electrical vehicles, transportation systems
(Groppi et al., 2021) or storage systems as a means to provide flexibility and fur-
ther to improve performances, involving humans in energy flexibility represents
a solution with significant potential.

2.2 Energy communities
As the aforementioned challenges are yet to be addressed even for individual sit-
uations, a greater challenge is to improve flexibility at district or city level. More-
over, given the potential of people to adapt their consumption behaviour and
thus to provide energy flexibility, the social component becomes increasingly
important, besides the technical performances that are traditionally considered.

To this aspect, energy communities projects are being developed. The Eu-
ropean Union has launched several platforms to support the implementation
of energy communities in various contexts such as islands ("Clean Energy for
EU Islands" European Comission, n.d.-a) or towards the transition to smart
cities ("Smart Cities Marketplace" European Comission, n.d.-b). A list of no-
table projects includes the COME-RES Project (come-res.eu, n.d.), aimed to
foster development of energy communities in several European countries and
the COMPILE project (compile-project.eu, 2018), where some of the main re-
sults refer to support tools for energy communities economical evaluation and
development. These projects represent fundamental steps in developing energy
communities and familiarising people with the idea of shared renewable energy,
however management solutions that reflect an active cohesion between people
and the energy system 9 are yet to be proposed in an implementable form. As
it is emphasised in different research papers (Gjorgievski et al., 2021), barriers
such as community members willingness to participate in community life, the
impact of human behaviour or the necessity for flexibility as a consequence of
variable renewable production, research works have pointed out potential mod-
eling and simulation tools to identify the best possible management solutions.
These solutions refer mainly to decision making models such as optimisation
frameworks or multi-agent systems. In the following sections, the most relevant
research related to these pillars will be presented.
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2.3 Optimisation models
Optimisation models for energy communities can be classified in two categories:
models typically used in the design phase of the energy system that will be inte-
grated in the energy community and models for optimised management of the
energy system during the operational phase.

For the design stage, we can see a relevant example provided by Fina et al.
(2020), where the authors describe an optimisation model to find the opti-
mal PV capacity for several community configurations. Interestingly, the au-
thors note that energy communities should be implemented at neighbourhood
level first, as trust in the energy system is significantly relevant. Weckesser et al.
(2021) investigate the economical impact of different communities configura-
tions, with different storage capabilities optimally managed to provide flexibility.
Bartolini et al. (2020) present a mixed integer linear programming optimisation
model for minimising costs when installing and operating renewable resources
for electricity or heat in an energy community. Fan et al. (2022) describe a
multi-objective optimisation design model for a community with storage sys-
tems, evaluating the results with a Pareto analysis. The criteria involved were
both related to economical evaluation (annual total cost and grid interaction),
as well as environmental cost (annual carbon emission). Another example is
presented by Sima et al. (2022), where a university campus is considered an
energy community and a techno-economical analysis based on optimisation of
costs is developed. X. Chen et al. (2021) recognise that deployment space might
be an issue when implementing storage systems, besides describing an optimi-
sation model for the design stage of an energy community. Braeuer et al. (2022)
describe a design method for energy communities based on several criteria such
as self-consumption, self-sufficiency, autonomy or net-present value.

Regarding the operational phase of an energy community, by using esti-
mated individual or collective consumption and production data, researchers
analyse potential activities involving energy sharing that could take place in an
energy community. Of such activities, peer-to-peer trading is frequently inves-
tigated. Soto et al. (2021) present several energy sharing models, emphasising
that cooperation in distributed energy systems is yet to be explored since most
models focus on individual profit for each member involved. Bokkisam and
M.P. (2021) present an energy trading model coordinated by a central operator
who determines internal trading prices. The objective is individual profit of
community members, as members could buy electricity inside the community
at a more advantageous price. Khorasany et al. (2021) describe a peer-to-peer
trading model with storage and PV panels for each community member, where
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each member aims to maximise its own utility function. Again, it is noted that
a coordinator governs the informational exchange at community level. Tomin
et al. (2022) describe a bilevel optimisation model for an internal market of
a community, with an operator at supervisory level that aims to minimise op-
erating costs. N. Liu et al. (2017) present a dynamical pricing scheme, with
a virtual entity who coordinates energy sharing activities between prosumers.
From a more practical perspective, Di Lorenzo et al. (2021) describe a power
sharing model between community members. There are also multi-objective
optimisation methods such as the one presented by J. Liu et al. (2021), where
the authors aim to design a net-zero energy system with electric vehicles and
hydrogen storage. The criteria used for evaluation are self-consumption, annual
electricity bill and carbon emission. Flexibility in the operational phase of an
energy community remains a recurrent topic in research, as Manso-Burgos et al.
(2022) describe different energy storage systems integrated in an energy com-
munity, with the aim to maximise economic savings and self-consumption. It
is stated here that human organisation and collective behaviour within the com-
munity are yet to be explored. Similarly, Li et al. (2022) present an optimisation
model for an energy community that takes into account weather forecasts and
various scenarios, noting that human behaviour might profoundly influence
the community performances. Aside from these models, Xiong et al. (2020)
propose an optimisation model for an energy community that allows users to
choose their own consumption mode between several choices, providing users
a decision to whether opt for green energy or energy bill minimisation. This
concept suggests the idea that people should be deeply involved in the control
of the community.

Overall, there are two important aspects that can be identified in most re-
search works:

• Most optimisation models do not take into account the human be-
haviour and thus represent an "ideal" representation of communities.
Therefore, before successfully implementing energy communities with a
set of performance objectives, knowledge of human behaviour must be
thoroughly accounted for in models and simulation scenarios.

• There is often identified a central figure (community operator, commu-
nity coordinator, etc.) that coordinates the activity in the community,
often employing direct control over community resources/loads. When
referring to the social component, excessive control could yield a certain
discomfort for community members.

9



Since an energy community can me interpreted as a distributed system
where each community member is autonomous, multi-agent systems might
represent suitable models for representing the decision-making process of each
community member, as noted by Xiong et al. (2020).

2.4 Multi-agent systems
Aside from the aforementioned works, multi-agent models may represent a suit-
able solution for assessing the collective impact of an energy community as a
distributed system. We can see for example the idea of community member
profiles that is addressed by Fouladvand (2022), where a thermal energy-based
energy community is investigated, with each member having a profile developed
according to the Social Value Orientation theory. Lai et al. (2022) describe an
energy community modeled as a multi-agent system with storage and reinforce-
ment learning for agents. We can also notice another similar aspect, a central
entity in the form of the community aggregator who is involved in appliance
scheduling.

From a practical point of view, multi-agent systems represent interest-
ing simulation instruments, especially for investigating case with multiple au-
tonomous entities that interact with each other and an informational exchange
is identified between agents. For example, L. Chen and Gao (2021) propose
an example in the solid waste recycling sector, where a multi-agent framework
allows a deep understanding of the collective behaviour and imperfection of
people under different policies. Zhou et al. (2018) propose a multi-agent model
for a peer-to-peer trading mechanism that is evaluated according to the self-
sufficiency of the whole system. Once again, it is stated that imperfections of
human behaviour should be thoroughly taken into account in the future. An-
other multi-agent model (described in Reis et al., 2020) is integrated with a
scheduling mechanism for shiftable loads, aiming to minimise the operational
costs.

By analysing these solutions involving distributed systems, we can notice
that energy flexibility can be obtained from either storage systems or control-
lable shiftable loads. As a consequence, human behaviour, preferences or com-
fort are not sufficiently considered in such collective organisation.

2.5 Recommendation systems
From a general perspective, recommendation systems collect information and,
according to the preference profile of the user, develop a list of items that are
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ranked according to a certain model, as it was proposed by Quijano-Sánchez et
al. (2020). However, in the energy sector, recommendation systems are rather
viewed as guidance systems which provide certain goals for people to follow,
given the complex nature of energy consumption, generation and transmission.
Specifically, recommendation systems represent a way to provide simple and
concise information to people in order to help them to achieve their objectives
in terms of energy efficiency and sustainability. These systems represent an inter-
esting alternative to the excessively technical and automation-oriented solutions
that focus on shiftable loads or storage infrastructure. Moreover, as technology
evolved, it became increasingly easier to present insights, feedback and other
information in an understandable manner so that people accept it and use it in
their decision making process.

There are few examples describing recommendation systems in the energy
sector. Starke et al. (2015) conduct an online survey and ask participants to
identify energy saving measures, in an effort to raise awareness towards the
impact of energy consumption. Pinto et al. (2019) describe a recommendation
system which identifies patterns in energy consumption and tries to provide
energy-efficient recommendations according to previous scenarios. Some other
examples such as the INVOLVED project (considered in (Alyafi, 2019)) has
shown that Persuasive Interactive Systems (PIS) could be used to effectively
improve human behaviour. The idea is to assist people in their daily activities to
increase both efficiency and comfort. Still related to the same project, the same
principle could be identified by Pal et al. (2019), while Laurillau et al. (2018)
emphasise how people can interact with energy management tools through
simple interfaces, in order to become aware about the best energy management
approach.

It is noted, however, by Onile et al. (2021) that very few recommendation
systems have found real validation. Furthermore, it is stated that recommen-
dations could represent a concrete way to enhance sustainability and energy
efficiency. For this approach to have a positive effect, people should always re-
ceive information regarding the impact of their action in the form of a feedback
mechanism.

2.6 Deterministic vs. stochastic modeling of hu-
man behaviour

Integrating human behaviour in energy management strategies represents an
important and difficult challenge. Besides using stochastic approach for dif-
ferent aspects of energy systems such as network availability (Prince Agbodjan
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et al., 2021, Prince Agbodjan et al., 2020), some other research works referring
to stochastic models have been considered as a good alternative in modeling
uncertainty characterising human behaviour.

S. Chen et al. (2020) propose a classification of human energy consumption
behavior in two categories (persistent and transient behaviours), emphasising
the importance of energy consumption behaviour in operational optimisation
of energy management. Pal et al. (2019) investigate the impact of actions and
energy efficiency through multi-objective optimisation models. Interestingly,
in this work more focus is put on the human component through thermal and
air quality dissatisfaction evaluation. In (Hong et al., 2016), the authors identify
a framework for modeling occupant behaviour in several steps, starting from
a model between human needs and subsequent actions and further going to
simulating the impact of actions in the system. In (Azar and Menassa, 2012),
the authors investigate the issue with ”the performance gap” inferred by the un-
predictable nature of human behaviour, indicating that more attention should
be given on how people are educated to consume energy, rather then labeling
the energy crisis as "purely technological". Another works address the perfor-
mances gap (Chapman et al., 2018), emphasising that stochastic modeling could
represent an adequate approach for developing more consistent and realistic
consumption models at collective level. Stochastic modeling is also used in
modeling the willingness to participate in a community (Perger et al., 2022).
Although in (Norouziasl et al., 2020) occupancy is estimated from a stochastic
point of view, it is emphasised that modeling the human impact in building
performance still needs to account for multiple factors, therefore it represents
a critical challenge for researchers.

By analysing these works, it becomes evident that the research community
is increasingly acknowledging the influence of human energy consumption
behaviour on overall building performances. However, it’s important to note
that only certain aspects of human behaviour can be modeled in a deterministic
manner, while others are more aptly captured through stochastic modeling.
Specifically, while some small elements of human behaviour can be predicted
with a high degree of certainty and thus be modeled in a deterministic manner,
the stochastic elements involve a degree of randomness and unpredictability
that is usually associated with time, context and the variety of situations an actor
can find itself in. Thus, a persistent challenge that remains is determining the
optimal frontier between deterministic and stochastic modeling. This involves
discerning which aspects of human behaviour can be reliably predicted and
which are subject to variability, in order to effectively integrate this knowledge
into the development of energy-efficient systems.
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2.7 Conclusions
From a conceptual point of view, in the context of renewable energy sources
becoming affordable and increasingly popular among residential and industrial
sectors, one can notice that the need for energy flexibility becomes critical. One
specific example could refer to production being variable due to weather con-
ditions and other external factors, leading to uncertainty in the overall system.
It is up to the local energy systems to manage the energy flexibility properly so
that the dependency of the grid is at a minimum, the system is up and running
and all the stakeholder needs are met. Since the energy communities concept
proposed by the European forums is quite permissible, one could also notice
there is significant space for creative solutions to be developed among the inter-
national research space to increase energy flexibility.

Consequently, specialised literature describe peer-to-peer trading mecha-
nisms, energy sharing models between residential energy consumers, locally
deployed storage systems and electrical vehicles as possible activities and solu-
tions to be found in energy communities. Typically, it could be also noticed that
there is a local central entity in charge of managing the energy flow inside the
respective system, a solution that may potentially lead to increased automation
through direct control of appliances and subsequently to increased discomfort
among people.

However, the underlying principle of energy communities is to actively
involve people in the community life, to increase the awareness towards how en-
ergy is consumed and produced. To this aspect, very few solutions try to shape
the role of human behaviour in such an organisation. Although stochastic mod-
eling, optimisation models or multi-agent systems offer a technical perspective
on how the infrastructure in a community could be managed, it is clear that
research must not consider the "system" as a the unique problem to be
solved in an energy community, but how the cooperation "human and
system" could be managed in a way that the human counterpart is equally
important. The immense potential of such a cooperation in the energy sector
is yet to be discovered. In order to have control on modern energy systems, new
paradigms should be proposed by the sciences of system control.
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Chapter 3

Actor - service - system: a
new paradigm for
defining energy

community modeling
requirements

Since energy communities are often linked to residential homes and renewable
energy consumption, it’s important to note that building systems are especially
unique. This is primarily because inhabitants interact with the system on a
daily basis, resulting in a synergy of actions and effects based on human beliefs,
desires, and intentions (Bratman, 1987), which continuously evolve over time.
As a result, designing appropriate energy systems presents a complex research
challenge, especially as we transition towards a distributed organization such as
an energy community.

Before stating the research problem investigated in this work, it is assumed
that there is a renewable energy community based on electricity (as defined in
European Parliament and Council of the European Union, 2018), with people
being members as a consequence of voluntary participation. Although elec-
tricity is the sole focus of this study, the proposed solutions may be applied in
scenarios with other sources of renewable energy.

In this context, the research problem investigated in this work refers on how
to effectively manage the collective human impact of an energy community so
that energy flexibility and energy sobriety are increased as the community fulfills
its objectives in terms of economical, environmental and social benefits. This
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10 This reflects the case of
excessive automation, where
systems have a significant, in-
trusive impact in households
- for example limiting the us-
age of a certain appliance to
a certain period of time that
may overlap with the user
not being at home, an aspect
that may increase discomfort

research problem may be further split in several 4 sub-problems (according to
Fig. 3.1)

How to manage the
involvement of people in an

energy community?

How to design a system
that guides the community
in achieving its objectives?

How to model the human
behaviour ?

How to model community
members as autonomous,

independent entities?

How to evaluate collective
cost?

Final decision at
people's side

Desired
consequence:

energy flexibility

Desired
consequence:

energy sobriety

MotivationUncertainty
Model different
preferences,
discomfort,
constraints

Communication
between

community
members

Coordination in
a distributed

system

System level Human
cognitive level

Economical Environmental

Figure 3.1: Research problem top-down view

The first sub-problem refers to developing a method for actively involving
people in the community life. More specifically, by acknowledging that human
behaviour has an important impact in the energy consumption of a building (as
it is also emphasised in Azar and Menassa, 2012; S. Chen et al., 2020; Norouziasl
et al., 2020; Pal et al., 2019), the challenge is to focus on this impact and provide a
technical solution that rather guides this impact towards fulfilling the objectives
of the community. Nonetheless, we use the term "to guide" specifically because
actual decisions that influence consumption should be taken by people. The
consequence of control system taking decisions and directly acting on appli-
ances excludes the human from the decision process and may possibly interfere
with the true needs of people, thus causing discomfort which decreases the trust
in the system 10. Moreover, trust in the proposed solution is of significant im-
portance. Considering that the energy sharing mechanisms that may appear in
an energy community can be quite complex to be understood by community
members in their daily activities, at all times people should use additional sys-
tems or services as tools and actively use this information in their lives to adapt
and improve their behaviour. Moreover, if the action of the system is precise
and in complete accordance with the objectives of the community, long-term
trust in the service would definitely foster beneficial, sustainable behaviours and
also better awareness towards energy consumption.

The second sub-problem refers to proposing a model of the human be-
haviour and its subsequent impact in the energy community. This sub-problem
mainly refers to an effective way to represent the uncertainty and the unpre-
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11 By fostering trust in the
partnership with the system,
people develop beneficial
habits that would prove
to become useful in the
future. Consequently, the
force of habit will render
the attention of the user
towards the importance of
energy consumption in daily
activities.

12 Clear communication
is a fundamental step in
developing a trust-based
relationship.

dictable nature of the human behaviour, in relation to energy consumption.
Moreover, an important aspect to be considered is human motivation. One
should not consider that motivation here does refer to whether people are mo-
tivated to participate in the community or not (such is the case in Perger et al.,
2022), but to the fact that people are already voluntarily in the community and
they have different motivational levels towards actively participating in the com-
munity. Moreover, this active participation should be considered from a two-
fold, temporal perspective: a short term perspective referring to the willingness
to participate in the community life and provide energy flexibility specifically
when needed and a long-term perspective in which community members are
expected to become aware of their impact and thus they become more moti-
vated, they become more comfortable with the idea of voluntary participation
and thus energy sobriety increases 11.

The third sub-problem refers to finding a way to view the community as
a real distributed system. Specifically, community members should be repre-
sented by autonomous entities, since it is evident that each community member
has its own particular perception, referring (but not only) to preferences, in-
terests, discomfort. From a practical point of view, this representation would
allow different models to be implemented, and therefore multiple configura-
tions of communities could be investigated as a consequence. Moreover, it
is clear that an informational exchange level is to be expected as part of the
solution, since members may coordinate their actions between themselves, or
could interact with a specialised entity (a recurrent idea in several research works
Lai et al., 2022; N. Liu et al., 2017; Zhou et al., 2018). A distributed model
would facilitate the implementation of such a level, considering the fact that
not only human-human communication should be clear in daily collaboration,
but human-system communication should be equally important 12.

The forth and final sub-problem refers to the collective evaluation of the
community. Besides typical measures of economical cost, environmental im-
pact and grid dependence, it is important to account for the human effort in an
equal manner. From a first point of view, system related performances such as
cost or environmental impact have the aim to show whether the whole commu-
nity is managed in the right direction, according to the members’ preferences.
These metrics would also reflect the economical and environmental benefits
that are expected when developing energy communities (Frieden et al., 2019).
However, a difficult challenge would be to identify and define what would be
the most relevant metrics to evaluate human impact from a cognitive point of
view. This evaluation is equally necessary because it would reflect a potential
"cost" of the human involvement in the community life. For example, it would
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13 Often viewed, from a sys-
tem engineering perspective,
as "inputs."

be important to quantify the sacrifice of people who would not go to work in or-
der to contribute to the energy community, or the effort of people who would
restrain themselves in using some home appliances for the sake of collective
community benefit. Considering human effort as an equally important metric
such as system performance would be a significant step in counterbalancing
the impact of excessive automation is such a system that should be naturally
focused on people.

Overall, the research problem may be conceptually encapsulated in an
Actors-Service-System paradigm, as it is proposed in Fig. 3.2. This paradigm re-
flects three main abstract directions around which solutions may be developed
in the future.

Service

devision aiding service

learning mechanisms,
cause effect model

representation of the
system

representation of the
human actors:

homeostasis, belief,
desire & intention 

A
ct
or
s

human actors
homeostasis, belief,
desire & intention

representation of the
decision aiding service

representation of the
system: behaviour,
function, context-

action-effects

system to manage
efficiently

effects

Sy
st
em

actions

context
human actors / system

interaction model

Figure 3.2: The Actors-Service-System paradigm

The first, common, direction is represented by the system to be managed
efficiently, an entity described by a context, which is often governed by causality,
where actions 13 from other external systems have certain internal or external
effects. As automation has evolved, so have the techniques to command and
control various components of systems in order to increase efficiency or achieve
certain objectives.
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14 This aspect can be eas-
ily noticed with energy
systems, since people are
not fully aware of the com-
plex process that occur at
grid/district level, with
management of various re-
newable energy resources,
in order to ensure that each
building has a quality, persis-
tent energy supply.
15 In literature, solutions
in this framework are of-
ten described as artificial
intelligence systems.
16 For people, the service
simply represents another
external, complex, system.

From a completely different perspective, the second pillar is represented by
human actors who are characterised by beliefs, act according to various inten-
tions or motivations and, in the context of energy systems, are typically excluded
from management problems. However, it is important to notice that people
perceive the systems around them in various ways which are profoundly in-
fluenced by beliefs and motivation. As it is the case in this paradigm, people
perceive the system according to its function, its behaviour when fulfilling that
function and its surrounding environment. While this perception may not
fully understand the particularities and complexity of the system14, it gradually
becomes necessary to consider another additional conceptual pillar, the service.

The decision aiding service should be developed as a "mirror" to the typical
human actor 15, with learning mechanisms, decision making models, and, most
importantly, its own perception of the other pillars. The perception on the
system must be characterised by a certain completeness, as the decision aiding
service should have the capability to understand and process the complexity
of the system in a superior manner to the one specific to human actors. On
the other hand, the perception on the actors is meant to understand the be-
liefs and motivation of people so that it may provide adequate decision-making
support. One must not forget that as people have a perception of the system,
they similarly have a perception on the service 16. As it is clear that this percep-
tion cannot be directly controlled, it can be certainly influenced by developing
the decision-aiding service in a transparent, truthful way, governed by human-
centered mechanisms and with clear, simple communication lines, allowing
people to set the objectives and have the final decision in every situation so that
a certain level of trust develops.

By developing new modern systems implementing this paradigm, we can
ensure that we obtain modern human-system interaction models, with a truth-
ful and clear focus on the human actors and their behaviour. In the context
of energy, where systems have evolved independently and at a rapid pace, this
paradigm has the potential to establish a truly meaningful connection between
people and energy in a manner that has not been seen until now.
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Additional information
The work presented in this chapter is further detailed in:

Simoiu, M. S., Fagarasan, I., Ploix, S., Calofir, V., & Iliescu, S. S. (2021). Gen-
eral Considerations About Simulating Energy Communities. 2021 11th IEEE
International Conference on Intelligent Data Acquisition and Advanced Com-
puting Systems: Technology and Applications (IDAACS), 1126–1131. https://doi.
org/10.1109/IDAACS53288.2021.9661053
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17 To completely model a
system, the SysML mod-
eling paradigm proposes
that diagrams may be cate-
gorised between Structure
Diagrams, Behaviour Dia-
grams and Requirements
Diagrams (Wasson, 2016).

SysML
Diagrams

Behaviour
Diagrams

Structure
Diagrams

Requirement
Diagrams

Therefore, to completely
describe a management
solution for an energy com-
munity, one should investi-
gate how the community is
structured, the main system
requirements and relevant
behavioural aspects

Chapter 4

Simulating energy
communities: an

integrated framework
for predicting human

behaviour

Considering the conceptual aspects of the Actor-Service-System paradigm 3.2,
a uniform way of modeling the entities in an energy communities must be
developed. These representation are particularly useful for the entities involved
(namely the actors, service and system) to develop actions and quantify the effects
of these actions in the energy community context. Additionally, a behavioural
community description is further required as a complementary perspective 17.

This chapter advances the discussion by proposing a comprehensive frame-
work for modeling the entities within an energy community, adhering to the
actor-service-system paradigm. It further describes the core structure of the
solution proposed in this thesis, designed to address the challenge of managing
energy systems involving human interactions effectively.

The proposed framework advocates for three primary models to be ad-
dressed to fully characterize an energy community, each with its unique char-
acteristics:

• The community member model - this model should authentically de-
pict the behavior of a community member, including their possible pref-
erences, restrictions, motivations, and beliefs. It should also encapsulate
the member’s perception of the decision-support service and the physical
system.
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• The community service model - this model should describe how the
decision aiding mechanism is implemented based on the representation
of the human actors. It should also illustrate how the community’s ob-
jectives are evaluated through performance indicators.

• The energy community interaction model - this model should de-
scribe firstly the manner in which the community is organised and sec-
ondly the manner in which the interactions in the community are con-
ducted.

Referring back to the problem statement from Fig. 3.1 defined in Chapter 3,
where the primary research problem was divided into four sub-problems, this
chapter addresses two key challenges:

• how to model community members as autonomous entities in the coor-
dinated organisation represented by the energy community;

• what metrics can be effectively used for evaluating the collective impact
of actions from a system and human cognitive perspectives, while also
identifying relevant metrics that may act as relevant tools for the service
in its daily behaviour.

As this chapter will sequentially address the member model, the service
model and the energy community model, this chapter will also provide a concise
overview of one of the main contributions described in this work, which is how
the service can effectively support community members in their daily activities
to achieve the collective objectives of the community.

4.1 Modeling human behaviour of community
members

The focus on an energy community assisted by a decision support system pro-
vides a well-defined, bounded, context suitable for effectively modeling user
behaviour.

Specifically, the term "system" in this context pertains to the energy system,
and consequently, user behaviour translates to their energy consumption pat-
terns when interacting with the system. It, therefore, becomes apparent that
the behaviour of a given member i is intricately linked to a power profile (or a
consumption profile), denoted as pLoad,i.

In terms of the relationship between community members and the deci-
sion support service, the process of offering specific advice suggests an inherent
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sequential logic within the interaction model between the individuals and the
service. Specifically, two primary temporal dimensions can be defined: the
’business-as-usual’ dimension, where individuals operate independently of the
decision support service, and the outcome which outlines the behaviour of
individuals after receiving recommendations.

In terms of energy consumption i.e. the behaviour impact in the system,
the consumption profiles are further defined as:

• pestimated
Load,i - the estimated hourly load of a community member i, reflect-

ing their business-as-usual consumption profile relative to the system.
This power profile may be determined through observations or other es-
timation techniques, without involving recommendations. It should be
noted that this profile aims to represent the behavior of a community
member without the involvement of the recommendation system
and is internal to the member.

• prealLoad,i - the hourly power profile obtained after the community mem-
ber i has reacted to the recommendations. It captures the change in
consumption produced as the member has responded to a recommenda-
tion.

Without the recommendation system, pestiamted
Load would not exist and prealLoad

would represent the actual consumption profile. However, in the context of
the recommendation system, pestimated

Load must be introduced by considering two
standpoints. Firstly, from a technical point of view, pestimated

Load represents the
internal consumption profile of a member, as it was previously presented. Sec-
ondly, from a conceptual viewpoint, it serves as a reference for calculating indica-
tors, allowing the community manager service to accurately assess the collective
impact of recommendations by referencing this profile.

However, given that pestimated
Load is internal to the member model, it could

potentially present a challenge to the decision support service. The service’s re-
sponsibility is to aid the community in achieving its goals, and the effectiveness
of its recommendations depends significantly on the accuracy of the commu-
nity member representation that is being developed within the service.

Consequently, an additional measure is introduced, the expected level of
consumption pexpectedLoad,i . This measure shapes the internal representation of
community members’ behaviour as perceived by the service. Ideally, a
comprehensive understanding of the community behaviour would yield an
ideal platform upon which the service might provide recommendations, signi-
fying that pexpectedLoad,i = pestimated

Load,i . Altogether, prealLoad,i, p
expected
Load,i and pestimated

Load,i

will be further considered in this study as hourly power profiles. This aspect
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18 This is a differentiating
aspect comparing to pure
technical systems, where
using a smaller sampling
period could sometimes be
effective.

19 Motivation is a critical fac-
tor in an energy community.
This is also indirectly stated
by the European Directives
European Parliament and
Council of the European
Union, 2018, 2019, as they
suggest that people should
voluntarily take part in en-
ergy communities.

is associated to the role of the decision aiding service, as providing recommen-
dations based on minute-scaled time frames could prove ineffective for energy
communities with people 18, whereas employing hourly profiles facilitates the
examination of larger time periods composed of multiple hours.

Another aspect that is embedded in the human behaviour and must be ac-
counted for in the modeling process is related to human dissatisfaction. As it
is might relatively straightforward to focus on the performances of the system
(Manso-Burgos et al., 2022; Soto et al., 2021), human dissatisfaction might be
an influencing factor that accounts as a penalty in the system performances and
should be accounted for, as it was noted in performance-gap situations such as
(Li et al., 2022). Furthermore, in the energy community context, service should
not treat community members as pure technical systems, but should instead
account for their habits, personal privacy, annoyance levels, and other personal
behavior traits that may conflict with the recommendation mechanism’s pur-
pose. Specifically, the idea of a penalty should reflect that people have their own
habits that may be associated with a reference direction, and they may not want
to deviate too much from this direction. The personal motivation for joining
an energy community can help in this regard, as individuals who are motivated
to contribute may be more willing to accept the community manager’s involve-
ment than those who do not want to be involved.

As the behaviour of people in terms of energy consumption might be char-
acterised by uncertainty, from an external standpoint, it becomes increasingly
difficult to model human dissatisfaction. When considering the internal mea-
sures of prealLoad,i and pestimated

Load,i , an intuitive (but mistaken) approach would be
to consider that every change in the real consumption which comes as a conse-
quence of recommendations can be interpreted as an indicator for dissatisfac-
tion. However, this is not always the case, since human behaviour evolves in
time and effort might be reduced if it is accompanied by motivation19. More-
over, as the service provides recommendations based on pexpectedLoad,i , this measure
may not entirely capture the internal behaviour of individuals as reflected by
pestimated
Load,i . Therefore, considering that the service should incorporate dissatis-

faction when formulating advice, the discrepancy between the representation
of individuals within the service and the representation of the service within
actors may both present complications when establishing certain dissatisfac-
tion metrics. Consequently, it becomes clear that, to develop dissatisfaction
indicators that relate to the behaviour of community members, one may begin
from the particularities of the respective decision aiding service and include ad-
ditional knowledge about the potential preferences, restrictions, habits of the
people in the community.
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Finally, these measures (pexpectedLoad,i , pestimated
Load,i and prealLoad,i) and the interpreta-

tion on dissatisfaction pave the way for an appropriate approach to modeling
human behavior in energy systems. This approach refers to modeling only
the reaction and its implicit dissatisfaction to recommendations, rather than
the entire complexity of the behavior of community members. Such focused
approach allows for a more precise and targeted analysis of the impact of rec-
ommendations on energy consumption.

4.2 The dual role of community service: provid-
ing recommendations and assessing commu-
nity impact

An important requirement defined in the paradigm in Fig. 3.2 was related to
the idea that both the actors and the service have an internal representation of
the other elements of the structure. From a service point of view, the represen-
tation is useful in developing recommendations, while for the actors point of
view the representation is useful for developing trust in the overall cooperation
mechanism and further improving one’s behaviour.

To establish the necessary framework for the service to deliver recommen-
dations, pexpectedPV is further defined to outline the expected profile of the pho-
tovoltaic (PV) production associated to the corresponding community. It is
noteworthy that while this study regards PV production as a form of renewable
energy, the same methodology could be employed for other renewable energy
communities comprising other renewable energy sources. Similarly, the PV
plant yields an hourly expected production profile denoted as pexpectedPV , consid-
ering location and whether data for the respective time interval.

Recommendations represent an important solution from two perspectives:
commitment theory (Bonino et al., 2012) and feedback importance (Seligman
and Darley, 1977). From a commitment standpoint, breaking a significant goal
such as consuming energy more efficiently into smaller sub-goals such as recom-
mendations can help people feel that the objective is achievable by following
small steps. Complementing this aspect, feedback theory emphasizes the impor-
tance of people knowing the impact of their actions as they progress towards
specific goals. Feedback increases the trust that individuals are on the right path
to achieving their objective.

Additionally, recommendations represent the advises in the form of actions
that the human actors should do in order to influence the system. These actions
may come in various forms:
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• Color signals: the manager service may employ a signaling mechanism in
the community to emphasize what the community members should do
and when. For example, in a residential community context, a recommen-
dation to decrease consumption would be reflected by the color RED,
while the recommendation to increase consumption would be reflected
by the color GREEN.

• Specific changes in consumption: the manager service may send specific
values to reflect the required changes in power, compared to the business-
as-usual scenario. For example, in a residential community context, the
community manager may require at times that the overall consumption
should be lowered by a moderate change (∆pmod) or during other times
by a strong change (∆pstrong).

• Time moments: the manager service may simply emphasize the time mo-
ment when it is favorable for community members to employ a certain
action. For example, in an energy community for commuting passengers,
the manager service would transmit time slots for commuting members
when it is favorable to commute.

In summary, these recommendations encapsulate the expected impact that
the actors should exert on the system. Specifically, they could represent a time
span during which agents should produce a certain effect, or they might depict
a particular modification in the consumption profile that the members are an-
ticipated to achieve. Alternatively, they could be encoded in a specific manner
(i.e., color signals), a simplified agreement between the community members
and the service, to symbolize distinct demands that the members are expected
to fulfill.

However, recommendations themselves are subject to the perspective
of community members, especially if one refers to the actor-service-system
paradigm. For example, the members receive the recommendation in some
form, but they may not understand it, may not be capable of following it or
simply may choose to ignore it due to other contextual or internal factors. This
discrepancy can cause confusion if the members’ perspective does not align with
that of the decision-aiding service. Therefore, it is crucial that recommenda-
tions are formulated in a way that ensures comprehensive understanding by the
people. This contribution complements the perspective of the service, which
possesses a more thorough understanding of the system due to the installed mea-
surement devices. Accordingly, the collaboration between the decision-aiding
service and community members is established, with this collaboration deeply
depending on the shared knowledge between the involved parties.
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20 This evaluation may take
place during a Manager Day
Step, as shown in Figure 4.3

21 A graphical represen-
tation of self-sufficiency.
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In addition to providing recommendations, the service must also possess the
capability to assess their impact. The previous section elucidated how dissatis-
faction indicators relate to the community member model. This section will ex-
tend the discussion to indicators that evaluate system performance. Specifically,
these indicators are designed to determine whether the community achieves its
economic, environmental, or social benefits, using measures such as pexpectedLoad ,
prealLoad, or pexpectedPV .

In these study, three performance indicators will be used: self-consumption,
an indicator that is used to evaluate the environmental impact, self-sufficiency,
an indicator that is used to evaluate the economical benefits and the net-energy-
exchanged-with-the-grid, a novel indicator that can evaluate both the environ-
mental and economical impact, but it can also be successfully used in developing
recommendation strategies.

4.2.1 Self-sufficiency
After providing recommendations, the community manager service evaluates
their collective impact on the system 20. The service aims to quantify the en-
vironmental and economic benefits obtained, as well as to determine whether
following the recommendations has caused any dissatisfaction among the com-
munity.

One suitable economic indicator to be used for evaluation is represented
by self-sufficiency (SS) (M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2021b).
Self sufficiency indicates how much of the total load is covered by the energy
produced and consumed internally 21. In a general discrete form, the SS index
can be defined by Eq. 4.1.

SS =

∑T
k min (pPV,k, pLoad,k)∆t∑T

k pLoad,k∆t
(4.1)

where pPV,k represents the average power produced from PV panels over
the kth interval∆t (which represents the sampling time), pLoad,k represents the
average load over the same interval and T represents the total time period.

Self-sufficiency can be used to quantify the economical benefits. A self-
sufficiency index of 1 over a time period indicates that all the consumption is
covered by internal production, while a self-sufficiency index of 0 reflects the
situation when all the consumption is satisfied by grid energy.

While self-sufficiency may be suitable for economical evaluation, it may not
always be suitable as a criteria for developing recommendations. For example, in
design problems, an infinite number of PV panel may be the optimal solution
for maximising self-sufficiency. In the context of the recommendation system
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22 A graphical representa-
tion of self-consumption.
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implemented in a residential community, maximising self-sufficiency would be
synonymous with keeping all the appliances off most of the day.

4.2.2 Self-consumption
From an environmental point of view, self-consumption (SC) can be used
as an indicator (M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2021b). Self-
consumption quantifies how much of the PV energy produced is consumed
internally by the system 22. The value of the SC is between 0 and 1 and, while 0
indicates that no energy produced by the PV is consumed internally, 1 empha-
sizes that all energy produced is consumed internally. The SC index in discrete
form can be defined as:

SC =

∑T
k min (pPV,k, pLoad,k)∆t∑T

k pPV,k∆t
(4.2)

Both self-consumption and self-sufficiency are appropriate metrics to eval-
uate the benefits of an energy community. As an example for the energy com-
munity context, one can evaluate these indicators by comparing the expected
consumption pexpectedLoad and production pexpectedPV at the collective level with the
real values prealLoad, p

real
PV obtained after the community has followed the recom-

mendations. Additionally, although the indicators typically show values be-
tween 0 and 1, they can be easily adapted to show either a quantity of energy or
a quantity of money.

4.2.3 The net-energy-exchanged-with-the-grid
The idea of proposing a new metric to maximise environmental and econom-
ical benefits has developed as a consequence of two associative relationships:
the relationship between self-consumption and production and the relation-
ship between self-sufficiency and consumption. As self-consumption and self-
sufficiency are commonly employed in energy system evaluation, both in design
(Braeuer et al., 2022) and operational (J. Liu et al., 2021; Manso-Burgos et al.,
2022) stages, the problem consists in finding the optimal configuration that
maximises both criteria, considering physical constraints related to PV module
characteristics.

Additionally, it would be interesting to see if an equivalent criterion could
be determined that may address be suitable in the maximisation problem and
whether this criterion could be used to identify a globally optimal solution.

Consequently, as a first step, the following case study is considered: the
problem of sizing a suitable PV plant for a specific consumer, a subway station.
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The design stage would consist in an optimisation problem that accounts for
both the predicted PV production and the estimated system consumption over
a time period.

Referring to the PV production, it is assumed we have four PV module cat-
egories indexed by j, as described in Table 4.1 (M. S. Simoiu, Fagarasan, Ploix,
and Calofir, 2021b). Power rating limits pMlim_inf,j

and pMlim_sup,j for each cat-
egory have been considered (see pvXchange Trading GmbH, 2020), along with
an associated cost-per-watt peak power cwp,j for year 2020.

Table 4.1: PV modules techno-economic specifications

Category pMlim_inf,j
pMlim_sup,j cwp,j Description

High Efficiency 330 W 500 W 0.31e/Wp crystalline modules
All Black 290 W 390 W 0.32e/Wp modules with black sheets and frames
Standard 275 W 325 W 0.22e/Wp mainstream modules with

60 multicrystalline cells
Low Cost 0 W 275 W 0.16e/Wp modules representing factory

seconds, limited warranty products
with a lower lifetime (around 10 years)

and low power output

Given the known parameters of the PV module, and considering the esti-
mated consumption over a year as additional input parameters for computing
self-consumption and self-sufficiency, the aim is to determine the optimal size
of a PV plant. This refers to the number of panels and nominal output power of
a panel that maximizes both the system’s self-consumption and self-sufficiency.
The sizing problem is consequently formulated as a multi-objective optimisa-
tion problem:

max SC (4.3a)
max SS (4.3b)
where nlim_inf,j < n < nlim_sup,j (4.3c)

pMlim_inf,j
< pM < pMlim_sup,j (4.3d)

where the decision variable is composed of the number of PV modules n
and the power of a module pM . These decision variables are used in developing
the PV production profile, which is used in both SC and SS. The consumption
profile can be interpreted as a constant.
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23 A solution composed of
multiple objective functions
values fi(x∗) dominates an-
other solution fi(x) if there
is at least a value fi(x) that
is strictly greater in the ob-
jective space (see Price et al.,
2005). Consequently, a so-
lution for a multi-objective
optimisation problem is
Pareto-Efficient if there is
no other solution that dom-
inates it (thus, being called
non-dominated solution).

The evaluation horizon is determined for a year. The PV production profile
is estimated with Eq. 4.4 (HOMER, n.d.), combined with a solar/weather
model:

pPV,t = pM · n · τ · Gt

GTSTC

[kW] (4.4)

where pM represents the power rating for a module, n represents the num-
ber of modules, τ represents a scaling factor for real world conditions such as
power losses in electrical wiring and shading. Gt represents the estimated total
incident radiation over the panels at time t and GTSTC

is the incident radia-
tion at Standard Temperature Conditions (1kW/m2). The incident radiation
is obtained according a solar model (Ploix, 2021) that accounts for the exposure,
outdoor temperature and slope (Duffie et al., 2020), while geo-specific parame-
ters and weather data have been obtained from OpenWheatherMap.org.

The subway station consumption is estimated for one year using the mea-
sured data from M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2021b and a linear
regression model between the passenger traffic and subway consumption (more
details in Appendix B).

To solve the multi-objective optimisation problem in Eq. 4.3, the heuristic
method named Differential Evolution is used. This genetic algorithm is used to
find the Pareto efficient solutions that dominate other candidate solutions in the
multi-objective space 23. The Pareto-Front is the set of all the non-dominated so-
lutions of the problem and represent a decision platform upon which a solution
may be chosen based on higher-order information or external criteria.

So, for the optimisation problem defined in Eq. 4.3, the results depicting
the Pareto front for each category of panels are presented in Fig. 4.1 (M. S.
Simoiu, Fagarasan, Ploix, and Calofir, 2021b). One can notice that in each plot,
the solution labeled as "Best Value" represents the solution that is closest to the
ideal point defined by SC = 1 and SS = 1 (the maximum values for SC and SS).
In a real implementation, a system with SC = 1 and SS = 1 is a system with PV
production, where the load profile over the evaluation period perfectly matches
the PV profile. Thus, maximising SC and SS over an interval T is equivalent to
minimising:

NEEG =
T∑
k

|pPV,k − pLoad,k|∆t [kWh] (4.5)

Eq. 4.5 represents the net-energy exchanged-with-the-grid, a novel metric
that describes the absolute quantity of energy that is either injected or extracted
from the grid. So, maximising self-consumption and self-sufficiency is equiv-
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Figure 4.1: Pareto Set for the SS-SC multi-objective optimisation problem

alent to minimising the NEEG, thus obtaining a solution that matches the
consumption and production profiles for a time interval. A graphical depiction
of this equivalency is presented in (M. S. Simoiu, Fagarasan, Ploix, and Calofir,
2021b), while a more detailed proof is presented in Appendix A.

Overall, from an evaluation standpoint, self-consumption and self-
sufficiency are more relevant than NEEG when evaluating community perfor-
mances. However, since both self-consumption and self-sufficiency are non-
linear, it can be difficult to consider them in optimization problems. For in-
stance, heuristic methods like Differential Evolution cannot guarantee finding
the global minimum, and can be computationally expensive. On the other hand,
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24 In some specialised liter-
ature, multi-agent systems
are often referred to as dis-
tributed systems.
25 The community manager
service represents a realiza-
tion of the service from Fig.
3.2

NEEG can be used effectively as an objective in a single-objective optimization
problem that is formulated in a suitable linear manner. Therefore, NEEG may
be more useful from an optimization perspective.

4.3 Energy communities modeled as multi-agent
systems: proposing an interaction model

To develop the coordinated approach for modeling the interaction between
community members, the service and the system, as they were presented before,
one can begin from a static, structural community architecture that briefly
depicts the main interactions between entities in a typical energy community.
(Fig. 4.2).

Recommendations

Community
manager service

Member consumption 
data

Community
members

Production data PV Plant

Grid consumption  
dataGrid

Figure 4.2: Proposed communication framework for modeling and simulating
energy communities

As it can be noticed, the main entities can be still associated with the main
pillars defined in Fig. 3.2. From a modeling perspective, a suitable framework
may be represented by multi-agent systems24, a model where entities are rep-
resented conceptually as agents (or practically as software applications) who
act autonomously according to a certain behaviour and communicate in an
organised manner.

A novelty included in this architecture is represented by the definition of
the community manager service25, which sends recommendations to commu-
nity members. This service is responsible for implementing the aiding process
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by sending personalized recommendations to community members based on
the expected consumption and the overall community expected production. As
time passes, members may react to the recommendations with varying intensity,
or they may not react at all. This aspect depends on several associated attributes
such as their behavior, motivation level, availability, and so on, which are inte-
grated in the community member model. The service measures the reaction
in terms of consumption modification, to establish whether the members have
followed the recommendations or not, and to quantify the economic and envi-
ronmental impact accurately. Overall, the recommendation process represents
a proper implementation of the interaction between the behavior of the service
and the behaviour of the actors.

As the multi-agent system implies a coordinated manner in which agents
communicate, a general representation of the interaction model is proposed in
Fig. 4.3.

The figure shows that a typical simulation is split into d days, with each day
being divided into several agent interactions. This interaction model comes as
a consequence of the multi-agent organisation. Specifically, this organisation
places the community service in the role of the coordinator agent, while the
other agents interact exclusively with the coordinator agents, without interact-
ing between themselves. This type of organisation is a variant of other similar
multi-agent model in recent literature (Khorasany et al., 2021; Lai et al., 2022;
Zhou et al., 2018), where typically there is a central coordinator agent with a
management function, among other distinct agent that behave and act towards
a certain individual objective.

As it is presented in Fig. 4.3, a typical day can be interpreted from the fol-
lowing perspective: at the beginning of each day, the manager and community
members have two dedicated interaction slots assigned specifically for daily tasks,
such as data collection, recommendation proposal or analysis.

Then, during each hour t, there is a sequence of interactions, starting with
a manager interaction followed by a community member interaction. During
a typical manager interaction, the manager may act according to its behavior,
such as providing recommendations or measuring consumption. During the
dedicated interactions for the community members, they react to recommenda-
tions based on their behavior and send additional information to the manager
that may be required for developing the recommendations.

A particular feature of the interaction model depicted in Fig. 4.3 is the rep-
resentation of specific events where agents perform certain functions, termed
’interactions’. An interaction may represent an exchange of information be-
tween the manager service and the members, or simply a self-interaction, the
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Figure 4.3: Proposed interaction model for a typical day in the multi-agent
simulation framework

implementation of an internal function by either the manager or the members,
depending on the type of interaction (manager interaction/member interac-
tion). These interactions could correspond to distinct times of the day (day
interactions, for instance at the beginning or end of the day) or be associated
with particular hours (hour interactions). This modeling representation for a
typical day is proposed to offer flexibility, signifying that while designing energy
communities of varied contexts, there is a degree of freedom in selecting and
modeling the time-frame connected to the interaction model. For instance, if
a member interaction and a manager interaction are tied to an hour, the spe-
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cific moments when these interactions occur can be determined by the user,
depending on the application.

However, in these regard, there are three additional features that restrict the
flexibility of the user and therefore can be regarded as limitations of this model:

• the manager-member interaction succession, identifiable at either a daily
or hourly level. This factor does not represent a limitation per se, but is
rather an organizational aspect, mirroring the coordinating profile asso-
ciated with the manager.

• the day interactions, which are more representative to the idea that the
manager evaluates the community daily, offering a suitable framework
for developing recommendation strategies that are associated to one day.

• grouping interactions by one-hour intervals - the fundamental principle
behind the proposed hourly time-segmentation approach is related to
the development of recommendations. As stated in previous chapters,
recommendations should be simple signals with an appropriate time fre-
quency and requested action intensity, to ensure that community mem-
bers do not feel discomfort as they gradually adapt their energy consump-
tion behavior. Additionally, choosing an hour as time sample related also
to the behaviour impact of community members in the system, specif-
ically to the hourly consumption and production profiles that are con-
sidered in developing the community member and service models. As
it was mentioned, these measures represent key components of the hu-
man behavior model, since each agent is portrayed individually as an au-
tonomous entity, so pestimated

Load,i and prealLoad,i are strictly related to the agent
i.

Returning to Fig. 4.3, the simulation is divided into d days to consider the
impact of daily recommendations (as demonstrated in (Seligman and Darley,
1977)) and the importance of periodicity in developing specific behaviors. Ad-
ditionally, hours are associated to interactions to allow community members
necessary time to react to recommendations according to their preferences and
restrictions. The pairing of manager interactions and member interactions re-
flects a key element: as the manager provides recommendations and measures
their effects to provide feedback, a feedback mechanism is implemented at a
deep, granular level. In a real-world implementation, people could have mobile
devices such as tablets installed in their homes and could receive both recom-
mendations and feedback throughout the day.

34



26 The diagram includes
only the attributes and
methods of each class that
are relevant for the topic of
the chapter.

The proposed interaction model has been implemented as a framework in
Python (M. S. Simoiu, 2023), based on the multi-agent model MESA (Project
Mesa Team, 2021). The framework can be effectively used to develop models for
energy communities following the proposed approach. The simplified26 core
part of this framework is depicted as a UML class diagram in Fig. 4.4.
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Figure 4.4: UML class diagram depicting the core framework for modeling en-
ergy communities; Keyword legend: est = estimated; sim = simulated; tf_day =
time frame day; tf_total = time frame total. Note: simulated here corresponds
to the final power profile of a community member prealLoad,i, after receiving rec-
ommendations.

As depicted in Fig. 4.4, the framework comprises three distinct levels: a
data definition level, where various system measures are established, a basic
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27 As this model represents
the core implementation
of the concepts defined in
this chapter, the follow-
ing chapters will explore
different community config-
urations and will described
in a more specific manner
how the community man-
ager, community members
and energy community
model are adapted to depict
different communities.

interaction model encapsulating the principal entities of the MESA project,
and the community specialised models, which are constructed based on the
two aforementioned tiers and represent a platform for developing even more
specialised, contextual models for various community types. 27

Comparing to other work regarding multi-agent frameworks for energy
communities (such as Lai et al., 2022), the proposed multi-agent framework
provides increased flexibility in designing how community members interact
with the community manager. However, it also provides a certain precision by
focusing on time segments for each day in the simulation rather then analysing
the behaviour of large periods (Fouladvand, 2022).

Additionally, the proposed framework is suitable for modeling a wide range
of human-centered energy communities applications, representing a more gen-
eral approach then studies that focus on a specific community type (such as
Fina et al., 2020; Sima et al., 2022).

A limitation deduced from the proposed model relates to the depth of the
social dimension among community members. Specifically, the interaction
model proposed in this study does not capture the interactions between com-
munity members and the resultant impact on system performance. While coop-
eration among members at a collective level is determined by their commitment
to participate in the community and utilize the community manager service
as a decision-support tool, modeling the perception of community members
about their fellow participants is not integrated in the scope of this work.

4.4 Conclusion
Based on the problem statement outlined in Chapter 3, the current chapter
presents a comprehensive solution for modeling energy communities. Initiated
from the definitions offered within the actors-service-system paradigm, this
chapter advances the discussion, furnishing a more comprehensive explanation
of models which may be employed to articulate the interactions, attributes,
and unique aspects of an energy community. Through the establishment of
models for community members, community managers, and a collective inter-
action model for the community, this chapter suggests solutions to a variety of
sub-problems defined in Chapter 3. These include the challenge of devising a
decision-aiding service, the issue concerning the portrayal of community mem-
bers as autonomous, independent entities, and the task of modeling evaluative
indicators.

Firstly, this chapter proposes that an energy community should be modeled
as a multi-agent system, with the behavior of community members embedded
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28 The classical feedback
control loop, where the con-
troller provides an input to
a plant so that the difference
between the output and a de-
sired reference is minimised.

PlantController
reference

-
output

in agents who act autonomously. At the community level, the service is repre-
sented by a community manager, which is another individual agent. All agents
act in a coordinated manner, as shown in Fig. 4.3. Additionally, the community
manager service implements a recommendation mechanism to support com-
munity members in their daily activities. The description of this mechanism
in this chapter provides a brief overview of the main solution proposed in this
work, a solution that aims to effectively manage the involvement of people in
community life.

Secondly, the role and importance of indicators is discussed in this chapter.
Several indicators are proposed for both evaluating system performances and
representing support instruments in the recommendation development pro-
cess. Moreover, since human involvement related indicators are characterised
by a certain complexity and depend in certain way on the actor-service contex-
tual relationship of each particular case study, several requirements have been
proposed to serve as a framework for the solutions to be presented in the next
chapters.

A depiction of the overall solution proposed in this chapter can be analysed
in Fig. 4.5.

Community manager service

Community members (actors)recommendation

Develop recommendation

Evaluate performances

feedback

representation of
community members

motivation

preferences restrictions

availability

objectives

...

Impact in the system

representation of the community
manager service: interpretation of

recommendations

representation of the system: 

representation of the
system

interaction with
the system

through physical
actions

measurement/
estimation

human dissatisfaction system performances

preferences/restrictions/particularities

Figure 4.5: Recommendation mechanism - interaction between the community
manager service and community members considering indicators

It can be observed that Fig. 4.5 bears some similarity to the feedback con-
trol loop of classical control theory28. However, it should not be assumed that
the purpose of this architecture is to represent a control mechanism, as an en-
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ergy community is not solely a technical system. The main difference lies in
the fact that the community service provides recommendations to community
members, with the understanding that the system is associated with people and
therefore the desired effect of recommendations may be uncertain. As a comple-
mentary step, the manager service measures community activity to determine
how objectives can be achieved and to further enhance the recommendation
mechanism.

An additional characteristic depicted by Fig. 4.5 refers to the internal rep-
resentations of both the manager service and the community members. Com-
munity members possess their own comprehension of the recommendations
received, yielding a quantifiable impact on the system, denoted by pestimated

Load

in a typical scenario. After receiving recommendations, the reflection of the
behaviour in the system is represented by prealLoad. Conversely, the community
manager service must develop an adequate interpretation of the community,
encompassing aspects such as preferences, motivation to adhere to recommen-
dations, or willingness to contribute to the community. This is why in Fig. 4.5
the interpretation of preferences and restrictions is marked with a dashed line
rather then with a continuous line, emphasising the distinction between the
manager’s representation of the system and the manager’s representation of
community members. Furthermore, the community manager service is obli-
gated to issue recommendations that align with and facilitate the community’s
objectives. Hence, indicators serve dual purposes: to assess the community’s
performance in the system, and to measure member dissatisfaction. This as-
pect underlines the fact that the proposed solution is human-centered, setting
it apart from similar solutions that are purely technical in nature (Li et al., 2022;
Soto et al., 2021).

Another contribution of this chapter is represented by the framework imple-
mentation in Python of the proposed solution, implementation that is available
as an open-source software here: (M. S. Simoiu, 2023). The implementation
serves as a platform for developing energy community models, considering the
concepts and principles presented in this work.

Referring to the proposed interaction model, this approach represents a step
further from other similar multi-agent frameworks (such as Reis et al., 2020).
This distinction can be conceptually observed, as the illustration of the rec-
ommendation mechanism (Fig. 4.5) presents a method for managing systems
that genuinely consider human actors and their decisions, rather than merely
treating agents as small-scale systems that operate based on optimization.
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Additional materials provided to the scientific
community
The work presented in this chapter is further detailed in the following papers:

Simoiu, M. S., Fagarasan, I., Ploix, S., & Calofir, V. (2021b). Optimising the
self-consumption and self-sufficiency: A novel approach for adequately sizing
a photovoltaic plant with application to a metropolitan station. Journal of
Cleaner Production, 327, 129399. https://doi.org/10.1016/j.jclepro.2021.129399

Simoiu, M. S., Fagarasan, I., Ploix, S., & Calofir, V. (2021a). Sizing
and Management of an Energy System for a Metropolitan Station with
Storage and Related District Energy Community. Energies, 14(18), 5997.
https://doi.org/10.3390/en14185997

The modeling and simulation instrument is available here:
Simoiu, M. S. (2023, October). RENO - a multi-agent simulation tool for a

renewable energy community [Language: en]. https://doi.org/10.5281/zenodo.
8424333
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Chapter 5

Contrasting Residential
Energy Communities: a

study on possible
configurations

Energy communities can be implemented in a wide range of contexts, from
isolated landscapes such as islands or small villages to complex and diverse ur-
ban environments. Furthermore, these communities can form cooperative rela-
tionships with other entities, such as the municipality, landowners, or external
systems, which enables the achievement of specific and sometimes more com-
plex economic or environmental objectives. However, defining and modeling
energy communities can be complex due to their open nature and the variety
of factors that influence their objectives and operations. Consequently, the
process of defining energy communities and their objectives requires careful
consideration of multiple factors.

Furthermore, an energy community must have its own objectives in terms
of environmental and economic improvement, which are shaped by the commu-
nity but can also be influenced by external entities through cooperation. This
type of cooperation represents an opportunity for communities, particularly
when considering future smart cities where citizens are more involved in city
life in an organized manner. For example, energy communities could cooperate
with transportation systems, such as EVs, underground or surface transporta-
tion. However, this type of cooperation is marked with dotted lines because it is
optional since it may imply that external entities contribute to both the system
element and objectives element of the community, in a manner which complies
with the directives stated in (Frieden et al., 2019).
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In this chapter, as a starting point for applying the modeling framework
proposed in Chapter 4, two possible community configurations are be investi-
gated. These case-studies will be further described in this chapter from several
perspectives:

• The physical perspective, from which the community’s constituent en-
ergy system-related elements are described. This perspective focuses on
the particularities, constraints, and opportunities related to physical func-
tion, placement, as well as other social or economic characteristics.

• The philosophical perspective, emphasising the manner in which the
respective community is developed within the paradigm proposed in Fig.
3.2.

The aim of this chapter is to provide an introductory depiction of two
possible energy communities, a starting platform upon which the modeling
framework proposed in Chapter 5 may be applied. Furthermore, this chapter
emphasises how respective framework can apply in contexts where both the
structure of the system, and the objectives can very. It shows how the same prin-
ciples stated in the previous chapter are suitable, even if external municipalities
are involved in cooperation mechanisms with the energy community.

5.1 Residential PV community representation
and characteristics

The first community configuration depicts a residential energy community
composed of households from Grenoble, France. The physical architecture
of such a community can be seen in Fig. 5.1.

From a physical perspective, the community depicted in Figure 5.1 repre-
sents a residential community with members indexed by i, with each house-
hold associated with an individual community member. In this case, the ag-
gregated consumption of the community is associated with the system, as it is
composed of the individual electricity consumption profiles of each household.
Each household’s power profile is represented by pLoad,i.

Regarding renewable energy production, some houses may have PV panels
mounted on their rooftops, or the whole community may be connected to a
standalone PV plant placed nearby. For this work, it is considered that there
is a standalone shared PV plant with an associated production of pPV which
supplies the community.
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Figure 5.1: Residential energy community physical architecture

29 For additional context,
the reader can check again
Fig. 3.2, in which it was
depicted that actors may
influence the system with
their actions, causing certain
system-related effects.

From the philosophical perspective, the renewable PV production pPV , the
aggregated community consumption pLoad and the grid energy system responsi-
ble with maintaining stability in the energy balance (defined as pGrid) represent
the system. The community members, or actors, influence with their household-
related energy consumption behaviour the aggregated community consump-
tion, thus producing a certain effect in the system that is either beneficial or acts
as a penalty towards the objectives 29. The objectives of the community would
be in this case to capitalize on the renewable energy production available and
to reduce the dependency of the households on the grid. In this manner, both
environmental and economical benefits are obtained. These benefits would be
used afterwards for reducing the payback period for the initial community in-
frastructure investment, they may alternatively invested in new infrastructure,
or they may be simply shared between community members.

To completely represent the system, one must model the energy consump-
tion, production and the grid contribution. The energy consumption of each
house is reflected in an energy consumption profile, which can be estimated
in each residential building. In this study, the estimated energy consumption
pestimated
Load for each house is obtained from the IRISE consumption database

that was gathered as a part of the REMODECE project (REMODECE, n.d.).
For the PV production, the PV power is estimated with the following model

Duffie et al., 2020:
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pPV,t = ηPV · APV ·Gt [kW] (5.1)

whereAPV represents the area of the PV plant, ηPV represents the efficiency
of the plant and Gt represents the total irradiation incident on the PV modules
that accounts for geographical coordinates, local time, outdoor temperature,
nebulosity, time, cloudiness, slope and exposure.

This data are used to model the behaviour of people and the expected re-
newable energy production associated to the community. Regarding the com-
munity service, it would represent an instrument with the objective to aid the
community members towards matching their consumption with the produc-
tion. This would imply that the service develops an internal representation
of the expected behaviour of the community in terms of energy consumption.
Based on this expected behaviour and considering the dissatisfaction of people,
the service would aim to provide recommendations, trying to influence peo-
ple to modify their consumption so that the real and final consumption and
production are better matched. The outcome would result in reduced grid de-
pendency, which may be further associated with economical and environmental
benefits.

Overall, this community configuration has significant potential. Firstly, it
can be easily adapted to any urban context, regardless of the type of energy pro-
duction. For example, in a more realistic scenario, only several households may
have PV panels installed, and the associated community members could agree
to share the PV production with the whole community, resulting in a virtual
PV plant. Secondly, as the PV production is shared by the community, house-
holds without renewable energy sources can also benefit from the community’s
shared energy production. However, the challenge is to identify a meaningful
way for community members to contribute to the community life, guided by
the community-owned service and considering system-related constraints.

5.2 An energy community as a sustainable solu-
tion for metropolitan transportation

The second configuration investigated in this work is related to an energy com-
munity composed of people who live near a subway station and typically use
the subway to commute to work.

From the physical point of view, the community architecture can be visu-
alised in Fig. 5.2.
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Figure 5.2: Residential energy community physical architecture

30 One can consider that
the PV plant may be owned
by community members
and they can all agree to
share the energy with the
subway station, or it can
be a standalone PV plant
directly connected to the
subway station, situated, for
example, on the roof of a
large parking.

The system in this case is represented by the energy system of the subway
station (with its associated load psubway), the PV plant, and the grid 30. It is
important to note that, compared to the previous residential community con-
figuration, this community does not consider the aggregate consumption of
households but the consumption of a particular subway station, an external
system that is not owned by the community.

From a philosophical standpoint, this case study reflects a situation in which
a cooperation mechanism is implemented between the community and another
entity, in this case, the subway transportation company. As a consequence, the
system (as initially defined in the paradigm from Fig. 3.2) may now be composed
of both community-owned components, such as the PV plant, and external
components, such as the energy system of the subway station. This cooperation
implies that there are several shared objectives between the community and the
municipality-administered company, specifically related to environmental and
economic benefits.

The subway station is connected to a nearby PV plant, and it directly bene-
fits from the available PV production. However, the energy consumption of the
subway station is mostly influenced by the traction part, especially during peak
traffic hours. Additionally, the consumption of trains is directly influenced by
the number of passengers inside a train. Therefore, people who specifically use
the subway to commute to work may adjust their commuting times so that a
portion of the traction energy consumption inside the station is shifted. Con-
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31 There may be some other
factors such as train indi-
vidual efficiency or train
schedule that may influence
the consumption in a more
significant manner then
the passengers. This would
result in a situation where
community members’ ac-
tions have no effect in the
behaviour of the system.

currently, the subway transportation company may shift the train schedule so
that passenger traffic peaks are matched with train traffic peaks. Thus, the role
of each passenger is directly related to the community’s objective of producing a
certain environmental and economic benefit. The work notably focuses on the
commuting passengers, as other people who occasionally use the subway such
as tourists, for example, may be not have the necessary motivation to take part
in the community, as they may not be so easily rewarded for their involvement.

5.2.1 Modeling the behaviour impact of community mem-
bers as commuting passengers

Comparing to the previous configuration, in this case the community members’
actions inside their households do not influence the energy consumption of the
system, they must opt for other possible actions, such as adjusting the times they
interact with the system. In the case of a subway station, one can consider that
commuting passengers may change the time intervals when they commute to
work, according to some rules. By changing their commuting times, people may
influence the energy consumption of the trains, which would directly affect the
consumption of the station. In return for their active involvement, the sub-
way transportation company may provide concrete benefits for the community
members, such as free nominal tickets to the respective community members.

An important requirement in this problem is reflected by the measure of
how effective the actions of people are in relation to the possible effects on the
energy system of the subway station. Specifically, it is important to determine
what are the main parameters that influence the energy consumption of a sub-
way station and whether these parameters include the passenger traffic, the train
traffic or both31.

The work presented in this research study focuses on a typical subway sta-
tion from Bucharest, Romania. Consequently, all the data further depicted is
limited between 05:00 and 23:00, as during this interval the subway station is
open to public. To model the energy consumption of the subway station, one
can begin by analysing the power flow in a typical station (Fig. 5.3, M. S. Simoiu,
Fagarasan, Ploix, and Calofir, 2021b). As it can be noticed, the energy system
can be conceptually divided in two parts:

• The traction component : responsible for powering the rolling stock;
DC power is supplied to trains, based on two AC/DC transformer points
(GTR1 and GTR2).

• The services component: responsible for powering the lighting systems,
the ventilation systems etc. These systems are typically powered at 230V
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Figure 5.3: Subway station power flow

32 This is not the case for
the weekend, as it can be
noticed the consumption
profile level significantly
drops.

AC, so several transformers (PTS1, PTS2, PTSA) are used to ensure the
transition from the city level (represented by Feeder 1,2) to this power
rating.

The data used in this work has been obtained from an energy measurement
study conducted by the respective subway transportation company on a specific
subway station for the duration of a week in October, in which consumption
has been measured for all power transformers presented in Fig. 5.3.

The average power level of the subway station can be thus analysed in Fig.
5.4c. This profile has been obtained by aggregating the measurement of power
profiles for each transformer (both services, Fig. 5.4a, and traction Fig. 5.4b) in a
single power profile, thus obtaining the overall power evolution for the station.

By analysing the consumption profiles in Fig. 5.4, one can notice there are
two consumption peaks related to the train traction load, one in the morning
and one in the afternoon. These two peaks are correlated with typical peri-
ods when people commute to work. Although these peaks are yielded by the
traction consumption, they have a significant impact in the total subway con-
sumption profile 32.

On another hand, to determine the passenger profile, one can look at the
number of passings through the access gates of the respective subway station.
As per the available data and considering the same analysis period, the average
passenger profile can be analysed in Fig. 5.5.

Additionally, the number of trains passing through the station in the same
time period can be analysed in Fig. 5.6.

To identify the key factors that affect energy consumption in a subway sta-
tion, one can start by focusing on traction energy consumption, as this is the
primary energy expenditure when trains are used to transport people, including
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(b) Traction average consumption profile - hourly average data was computed for 5
working days during October.
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(c) Subway station average consumption profile - hourly average data was computed
for 5 working days during October.

Figure 5.4: Available consumption data for a subway station, measuring during
5 working days in October
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Figure 5.5: Average passenger profile - the passenger profile reflects the number
of passing during each hour through the access gates of a specific subway station,
during a working day.
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Figure 5.6: Train traffic through the station - the number of trains that pass
through a specific station during each hour of a working day
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the community members under study in this section. The aim is to minimize
this energy consumption when transporting a specific number of passengers
from Station A to Station B.

One can begin by assuming there is a total of Ntotal passengers to be trans-
ported, and they can be divided intoPtrips groups. Each group has a size defined
as Ngroup, and therefore the following constraints can be derived:

• The sum of all group sizes equals Ntotal.

• The maximum size of a group is limited by the capacity of one train,
defined as Ctrain.

One can further model the energy consumption of the transportation pro-
cess for one trip as:

Etotal,i = Eempty_train +Ngroup,i · Eper_passenger (5.2)

Here, Etotal,i is the total required energy for one trip i, Eempty_train is the
energy consumption of an empty train traveling from Station A to Station
B, Eper_passenger is the energy consumption to transport one passenger, and
Ngroup,i is the number of passengers to be transported in trip i.

However, since passengers are grouped into Ptrips groups and all Ptrips

groups need to be transported, the equation becomes:

Etotal = Eempty_train · Ptrips +

Ptrips∑
i=1

Ngroupi · Eper_passenger (5.3)

It is also important to remember that Ngroupi is a fraction of Ntotal, so:

Ngroupi = ρi ·Ntotal , where
Ptrips∑
i=1

ρi = 1 (5.4)

Therefore, the total energy consumption equation simplifies to:

Etotal = Eempty_train · Ptrips +Ntotal · Eper_passenger (5.5)

In this energy consumption minimization problem, the goal is to min-
imize the number of trips Ptrips, considering the lower bound Ptrips =

ceil(Ntotal/Ctrain). This is because empty or under-loaded trains result in extra
energy consumption. The ideal scenario is to have each train fully loaded with
Ctrain passengers, aligning passenger traffic with train traffic peaks to minimize
energy consumption.
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33 This is particularly rel-
evant when the subway
station is connected to a PV
plant, as commuting times
would ideally align with pe-
riods of available renewable
energy production.

34 Fig. 3.2 can be used once
again for reference, since
it was already mentioned
that the service should have
a proper representation of
the actors and their potential
impact in the system.

Within the energy community context, influencing passenger traffic is of
particular interest, as the train traffic schedule is an aspect that can be easily
controlled by the transportation company. Specifically, the company has the ca-
pacity to adjust the schedule in response to passenger demand. However, when
renewable energy sources are incorporated, the company may also wish to opti-
mize the use of available renewable energy production. This can be challenging,
as the involvement of individuals can significantly impact the overall balance of
energy consumption.

One potential solution to this issue involves the voluntary participation of
regular subway commuters. Due to their consistent use of this mode of trans-
portation, these individuals can form an energy community and can further
collaborate with the transportation company to influence the station’s energy
consumption. Recognizing the importance of this community and its impact
on traction energy consumption, the company may agree to reward them with
the economical benefits that may potentially emerge as a consequence of the
community’s coordinated actions.

In this newly formed tripartite cooperative mechanism, community mem-
bers are encouraged to commute primarily during specific intervals determined
by the community service.33

The transportation company, on the other hand, should implement a train
schedule that ensures the capacity of the trains aligns with passenger demand.
Additionally, the company should provide appropriate rewards to individuals
for their participation.

Finally, the community service plays a crucial role in supporting the com-
munity to meet objectives regarding commuting during specific intervals. This
might not be an easy task, as the internal representation of the behaviour of each
community member is crucial in developing a realistic model of the collective
community impact. For the community service, a realistic representation of
community behaviour, including individual preferences, restrictions and dis-
satisfaction, provides a solid foundation for developing precise, personalized
support that can further assist the community in fulfilling its role within the
cooperative mechanism. 34.

With this representation, the service can develop an overall consumption
profile, which is a specific depiction of people’s behaviour within the system.
By providing recommendations related to commuting times, the service can
further influence this consumption profile to align with renewable energy pro-
duction. This alignment leads to a reduction in grid energy usage, resulting in
economic benefits that will be subsequently distributed among the members,
who are the primary actors in this mechanism.
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35 A typical regression model
has the form

ŷ = ax+ b

, where ŷ represents the
dependent variable to be
estimated based on x, the
independent variable. As x
can be composed of several
parameters (often called
features), the goal is to
estimate the values of the
coefficients or parameters
(a, b) that describe the
relationship between the
dependent and independent
variables.
36 The temperature data was
obtained from Openweath-
ermap.org for Bucharest,
during the time period of
the subway consumption
measurements.
37 The closer the value of
r2 is to 1, the better the
fit between the regression
model’s estimation and the
actual parameter.

5.2.2 Passenger traffic and subway consumption correla-
tion analysis

To determine whether the station’s consumption is truly influenced by passen-
ger traffic, a correlation analysis was conducted upon the available data (Fig. 5.7).
In each plot, either the passenger traffic or the train traffic is plotted vs. each con-
sumption component, emphasizing the two key commuting periods (morning
and afternoon) during a day. Moreover, the Pearson correlation coefficient is
computed for each analysis.

On the proposed analysis, one can see in Figs. 5.7b, 5.7a, 5.7c that there is a
significant correlation between the passenger and the consumption of the sub-
way station, as the passenger traffic is correlated to both the services component
and the traction component. Moreover, we can see that the train traffic is not
significantly correlated to the consumption, since the train schedule seems not
to match the demand represented by the passenger traffic. The consequences
show that there are some incomplete trains that yield additional consumption
to the overall station profile.

Additionally, a regression analysis was conducted upon the data (Table 5.1).
Specifically, a regression model35 was obtained for several scenarios in which
the independent variable x was alternated with additional features, such as tem-
perature36, time of day, day of the week, or hour of the day. The dependent
variable y was the subway consumption. All scenarios were evaluated according
to the r2 score, an indicator with values between 0 and 1 that shows how well
the regression model obtained fits the data37. As it can be noticed, the regression
analysis shows that features like temperature or day of the week do not reflect a
significant change in the subway consumption estimation, as the most signifi-
cant improvement is reflected by the time of the day. This aspect supports the
idea that passenger traffic represents an important factor that impacts the con-
sumption of the subway station, with commuting passenger traffic accounting
for the most significant influence in the overall consumption.

5.2.3 The inferred consumption per passenger
The correlation between passenger traffic and subway station consumption
enables the estimation of the impact of each passenger in the power profile
of the station. Considering the dependency between the subway consumption
profile and the passenger traffic, the following model is proposed:

IPP(t) =
psubway
Load (t)

npassengers(t)
(5.6)
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Figure 5.7: Correlation analysis on the subway station available data
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Table 5.1: Regression analysis between the available passenger data and the sub-
way consumption. Passenger traffic represents the number of passing through
the access gates, train traffic represents the number of trains passing through
the station. Subway station power is measured in kW.

Independent Variable(s) Dependent Variable r2 score
Passenger traffic Subway station power 0.76
Passenger traffic, Train traffic Subway station power 0.78
Passenger traffic, Temperature Subway station power 0.77
Passenger traffic, Time of day Subway station power 0.8
Passenger traffic, Day of week Subway station power 0.76
Passenger traffic, Hour of day Subway station power 0.76

where IPP represents the inferred power per passenger, psubway
Load represents

the subway station consumption profile, and npassengers represents the passen-
ger traffic profile.

As a brief example, for the measured data depicted in Figs. 5.4c,5.5, the sub-
way station consumption has been divided by the passenger traffic, as indicated
by the model in Eq. 5.6. The results for one working day can be analysed in Fig.
5.8.

In Fig. 5.8, one can see that the IPP varies in time. Based on the correlation
analysis from the previous section, it can be considered that there are several
influencing factors that contribute to the IPP variation in time, factors such as
train traffic and the time of the day. However, the value are relatively similar dur-
ing morning and afternoon, the relevant periods of the day for the community
passengers.

Consequently, since the impact is important only during the morning and
the afternoon for the respective energy community, the IPP profile can be es-
timated using Eq. 5.6. Then, to develop the power profile which depicts the
behaviour of commuting passengers, the average value can be considered for
each hour during one period of interest (morning or afternoon).

Overall, the IPP could determine the significance of the impact that com-
munity members have on the system. Although the accuracy of the estimation
depends on the size of the available dataset, the IPP, along with the number of
commuting passengers and a model of their associated behavior, could poten-
tially provide a reliable representation for the service to guide the community
towards fulfilling their objectives effectively.
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Figure 5.8: Inferred power per passenger profile for one working day, with aver-
age values emphasised for each period of interest: morning (06:00 - 12:00) and
afternoon (15:00 - 21:00).

5.3 Conclusion
In this chapter, two possible energy community configurations were presented
as a starting point for applying the modeling framework proposed in Chapter
4.

The first configuration is represented by a residential energy community
where community members are household owners, and the system comprises
household appliances, the grid and an external PV plant. Furthermore, the
community uses the service to obtain guidance on adapting their energy con-
sumption actions in their households, aiming to align consumption with the
available PV production. This approach produces a certain environmental and
economic effect, yielding benefits such as increased self-consumption and self-
sufficiency.

The second configuration refers to an energy community comprising peo-
ple who commute via the subway and live near a particular subway station. In
this case, the system is composed of the energy system of the subway station
and an external PV plant. By adjusting their commuting actions, under the
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38 Nevertheless, EU forums
Frieden et al., 2019 suggest
that large companies should
not be included in energy
communities, as they might
enforce their own objectives.
However, with municipal-
ity, the community may
maintain a certain degree of
autonomy, as the primary
objective of the municipality
is to serve the citizens.

guidance of the service, people can influence the energy consumption of the
subway station and align it with the available production from the PV plant.
This approach can yield an effect with economic benefits for the transportation
company, which can be passed on to the commuting passengers who contribute
to the energy-saving actions.

These two configurations reflect two contrasting scenarios. Firstly, one can
notice that even that the two communities may be similar from a system point of
view, the objectives may differ. This is especially because external entities might
be involved (in the second configuration, the external entity is represented by the
transportation company), resulting in a newly developed system with new par-
ticularities, so the community objectives might require adaptation38. Secondly,
it is important to notice the potential complexity of the actions that community
members may take in relation to the system. While in the first configuration,
the actions depend on time, behavior, and household appliance usage, in the sec-
ond configuration, the actions are more specific, referring only to the choice of
commuting times. Thirdly, the cooperation mechanism shown in the second
configuration reflects significant potential, as even more benefits may be ob-
tained when several parties are involved and cooperate in a coordinated manner.
However, it becomes clear that as the complexity of the system increases, the re-
quirement for an effective and trustworthy service, with a realistic representation
of both the system and the community members, becomes crucial.
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Chapter 6

Case study: Managing
human involvement in
residential energy

communities

6.1 Modeling a typical residential community
As both the multi-agent framework and the relevant indicator adoption are set,
the last two requirements defined in Fig. 3.1 emphasise, at the same time, the
most important aspects of human involvement management in an energy com-
munity. These aspects refer, firstly, to how recommendations are developed and
how the objectives of the community are formulated considering the actors in-
volvement in the system and secondly refer to how the behaviour of community
members is modeled.

This chapter addresses these requirements from a simple residential com-
munity standpoint, as it was defined in Chapter 4. Specifically, several recom-
mendation strategies are proposed as a concrete solution to influencing systems
with humans. Additionally, several human-related indicators will be proposed
according to the context and actor-service relationship described by the com-
munity configuration. Finally, the simulation strategies will be evaluated in a
case study, where several relevant scenarios are further analysed.
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6.2 Community manager service recommenda-
tion strategies

In developing suitable recommendation strategies, the main reference is rep-
resented by the simulation framework depicted in Fig. 4.3, as the actions of
manager and the community members must be suitably adapted to the time
segmentation of each day. As a standalone research objective, several aspects
should be defined for each recommendation strategy:

• the nature of the recommendation, whether it is a color signal, a tex-
tual information or other form of representation;

• the target period for the recommendations, reflecting the period
during which the community members are required to be involved;

• time coordinates, emphasising when the recommendations are given
and how often.

• the intensity of the recommendation, reflecting the commitment that
is required from the community members

• the targeted community members - whether the recommendations are
aimed at all community members, or recommendations are personalised
for groups or even if recommendations are to be given to individuals.

Moreover, as the previous chapter proposed several metrics that could both
contribute towards developing and evaluating recommendation strategy from
a system performance standpoint, additional metrics should be proposed for
evaluating discomfort.

In terms of nature of recommendation, for the case study of a residential
energy community as it was envisioned in Chapter 4, the solution proposed
in this chapter refers to developing recommendations as simple colored signals.
As such, the following recommendation dictionary is proposed to describe the
recommendations and expected outcomes from the service standpoint (Table
6.1).

By analysing the proposed recommendations in Table 6.1, one can notice
that each recommendations deals either with an expected level of consumption
developed internally by the manger pexpectedLoad , or a true consumption profile
prealLoad that has been measured at a previous time step.

As a starting point, recommendations will be the same for all community
members, without focusing on individuals or groups characterised by prefer-
ences or motivation. From a practical point of view, one may consider that
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Table 6.1: Recommendation dictionary and expected outcomes

Recommendation Description Expected outcome
WHITE The community is expected to consume energy prealLoad = pexpectedLoad

as in their business as usual scenario.
RED The community is expected to decrease consumption. prealLoad < pexpectedLoad

STRONG RED The community is expected to strongly decrease consumption. prealLoad << pexpectedLoad
BLINKING The community is expected to additionally decrease consumption. prealLoad,final < prealLoad,initial

RED This signal may be used by the manager when he has discovered where the keywords initial
an additional contribution is needed, and final mark the respective
as the initial outcome was not met. member contributions.

GREEN The community is expected to increase consumption. prealLoad > pexpectedLoad

STRONG The community is expected to strongly increase consumption. prealLoad >> pexpectedLoad
GREEN
BLINKING The community is expected prealLoad,final > prealLoad,initial

GREEN to additionally increase the consumption.

community members have portable devices that show the respective recom-
mendations during the day, along with other relevant indicators.

Based on the premise that energy sobriety should be increased and people
should reduce their energy consumption over time, the timing for providing
recommendations becomes important. As people are typically less active at
night, the "flexibility period" is defined as the time between 7:00 AM and 11:00
PM, during which recommendations can be communicated to the community.
Specifically, the term "flexibility period" is used to refer to the time when people
can modify their energy consumption directly or indirectly in response to the
recommendation mechanism, thereby providing flexibility to the overall energy
system.

The importance of using color-coded recommendations is twofold. Firstly,
these recommendations are simple and community members can easily under-
stand what impact is required of them. Secondly, there is significant freedom for
members to choose how they want to follow the recommendations, as they are
not restricted to use certain appliances or change their consumption according
to a set quantity.

As the nature of recommendations is set, the actor-service relationship is
conceptually defined. This aspect allows the development of two evaluation
indicators for dissatisfaction:

• Recommendation deviation rate (RDR) - assuming the recommen-
dation at each hour t in a time interval T has a certain rating rcolor for
quantifying intensity, the recommendation deviation rate is represented
by Eq. 6.1.
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mendation intensity is
associated with more ef-
fort and discomfort from
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(6.1)

where rwhite is the rating for the white color and must be equal to 0.

The rating system defined by rcolor is meant to measure the effort in fol-
lowing recommendation from the community members’ perspective. It
is therefore chosen by community members according to their appreci-
ation of the intensity of each recommendation, depending on the their
collective intentions towards obtaining environmental and economical
benefits. In this work, the rating system used is described in Table 6.2, an
extension of Table 6.1 as each recommendation has an associated rating.

Table 6.2: Rating system for the intensity of each recommendation

Recommendation rcolor
BLINKING RED -1
STRONG RED -0.75
RED -0.5
WHITE 0
GREEN 0.5
STRONG GREEN 0.75
BLINKING GREEN 1

This metric aims to determine how far the recommendation system is
requiring community members to deviate from their usual behaviour
(reflected by the WHITE signal)39, since it is important to quantify the
magnitude of the effort required by community members to follow the
recommendations at each time step. The metric is also normalised to
the maximum value for the set40 so that the value 0 over a time interval
indicates that people were always given the WHITE recommendation,
while 1 means people were always requested to deviate from their usual
energy consumption behaviour.

• Contribution Change Rate (CCR)

CCR =
C

T
(6.2)

where C represents the number of changes in recommendations from
one hour to another and T represents the time interval. This indicator
is equal to 0 if the recommendation is the same every hour and equal to
1 if the recommendation changes every hour41.
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In contrast to the recommendation deviation rate, the contribution
change rate aims to quantify how frequently community members are
required to modify their energy consumption. This metric is essential
because residential energy consumption can be highly variable, and the
recommendations given may also be characterized by chaotic fluctua-
tions. Therefore, it is crucial for community members to have a certain
level of predictability, so they are not asked to make radical changes to
their energy consumption from one hour to the next.

In addition to these metrics, another one may also be considered: the av-
erage contributions per day. This final metric aims to determine an average
number of contributions, with one contribution defined in the same manner
as previously specified for the contribution change rate.

The fundamental principles behind these metrics rest on the relationship
between the manager service and the community members, focusing specifi-
cally on the individual perspectives developed by each entity. To illustrate, if
the manager issues a recommendation every hour, then from their viewpoint, a
contribution is required for that respective hour. This required contribution is
subsequently communicated to the members, who interpret recommendations
according to their own, personal perspectives. These perspectives are indepen-
dent and may differ from the manager’s viewpoint. For example, if a member
only receives GREEN recommendations throughout a day, they may infer that
they need to make a unique contribution during the entire period (which is to
increase consumption). This is a different perspective from the manager, who
has requested the member to assist the community every hour.

Considering there might be a discrepancy between the manager’s percep-
tion and human perception, the aforementioned metrics have been designed
to best capture the members’ viewpoints. They address both the perceived in-
tensity of the recommendation (Recommendation Deviation Rate) and the
perceived duration of a contribution (Contribution Change Rate). In evalu-
ation, to get a comprehensive picture of the human effort and dissatisfaction
that may arise when following a recommendation, it’s important to consider
both of these metrics in an integrated manner.

Considering these aspects, this work will further discuss several recommen-
dation strategies that may be implemented in the residential context.
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42 These aspects may also be
notice in Fig. 6.1

6.2.1 The one-turn informative strategy
The first recommendation strategy proposed in this work is defined as one-turn
informative and is further depicted in Fig. 6.1. The figure represents an UML
Sequence diagram, adapted to the multi-agent framework described in Fig. 4.3.

At the beginning of the flexibility period, the manager computes the ex-
pected consumption of the community. Then, during the day, considering
the expected production, the manager provides a recommendation each hour.
Subsequently, after each member reacts to the recommendation, the manager
measures the real consumption profile before going to the next hour.

The objective of this strategy is to minimise the NEEG (Eq. 4.5), that is to
match the community consumption with the production. The name of the
strategy is proposed considering two aspects 42:

• the manager provides the recommendations once per hour (one turn), in
the Manager Hour Interaction slot. In this manner, the target time pe-
riod for generating recommendations is set equal to the data’s time step,
as considered in Chapter 5. This choice represents a first step in achiev-
ing a balance between good system performance and increased cognitive
annoyance associated with receiving frequent recommendations. Specif-
ically, even if the recommendations remain consistent over several hours,
the manager service has the flexibility to provide a different recommenda-
tion each hour, effectively adapting to the context of the energy system.
Concurrently, individuals are given a brief, albeit adequate, window to
respond to the recommendation and adjust their consumption accord-
ingly.

• the term informative refers to the method the manager uses - a straight-
forward rule-based algorithm - with the aim of minimizing the NEEG.
Specifically, if the expected consumption is less than the anticipated pro-
duction, the recommendation is to increase consumption, and vice versa.
The manager’s role involves comparing the expected effects of the sys-
tem members’ usual business operations with the predicted production.
Subsequently, a recommendation is provided, which acts independently
of any member-associated knowledge such as preferences or motivation
towards following recommendations.

An important aspect to note here is related to the perception of the man-
ager regarding the member impact in the system performances. As pexpectedLoad is
determined by the manager as a estimated power profile when trying to capture
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Figure 6.1: One-turn informative recommendation strategy; pexpectedLoad represents
the expected community consumption, pexpectedPV represents the expected pro-
duction and prealLoad is the consumption generated after recommendations. The
formalism used is UML Sequence Diagram.
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the collective behaviour prior to receiving recommendations, the respective pro-
file might closely align to the estimated production in a manner that providing
recommendations might yield inadequate performances at the expense of the
community members’ effort. Consequently, a "comfort" parameter τ is intro-
duced. This comfort parameter is meant reduce the number of times when the
member is required to contribute and can be adjusted according to preferences
of the community (M. Ş. Simoiu et al., 2023).

In a practical implementation, the manager could develop its own expected
community consumption profile at the beginning of the flexibility period of
each day, accounting for each community member. In doing so, the estimation
window could accurately capture daily repetitive patterns of human behavior.
Afterwards, the manager provides the recommendations to the community for
the whole day as a list of indications, reflecting the expected impact over the
day. During the day, the manager measures the final consumption profile prealLoad

after each time the community members react to the given recommendations,
so he may capture the collective impact of the behaviour in the system and
further compute and update the system performances according to the relevant
indicators.
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6.2.2 The two-turns informative strategy
The second strategy defined as two-turns informative can be analysed in Fig. 6.2.
The term two turns emphasises that the manager may give recommendations
twice during an hour as a reinforcement, once in the Manager Hour Interaction
1 slot and once in the Manager Hour Interaction 2 slot. However, this doesn’t
occur every hour, since the manager provides an additional recommendation
only if it considers the initial recommendation has not achieved the desired
impact. In this manner, the manager exhibits a "reactive" behaviour by closely
monitoring the members impact in the system performances and providing
interventions during the day with a certain sense of urgency.

This process means that the manager measures actual consumption twice:
initially after the first round of recommendations, to evaluate performance and
assess the necessity for additional recommendations, and then again following
the second round (if applicable), to calculate the final collective performance .

Compared to the strategy shown in Figure 6.1, this strategy may provide
recommendations twice during each hour. Specifically, after the manager mea-
sures the impact of the initially sent recommendations, it may intervene again
by providing a blinking recommendation (either red or green) if the desired
impact is not achieved. This strategy aims to achieve a higher level of precision
in matching consumption and production, but it requires more effort from
community members as the manager updates its recommendation during the
same hour it was initially given.
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Figure 6.3: An illustration of how a typical simulation day is decomposed in
periods

6.2.3 The one-turn coaching strategy
As it could be noticed in the first two strategies, since the recommendation is
given for a single hour k, the manager may provide a different recommendation
at every hour during a calendar day. However, since the objective is to propose
a method that encourages people to improve their behaviour towards energy
consumption, the coaching strategy will provide the same recommendation for
each hour, for representative periods of the day. More specifically, a period is
defined as a time segment of the flexibility period of one day, in which the same
recommendation is given during each hour.

Consequently, the flexibility period of a simulation day is further split in pe-
riods (Figure 6.3, M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2021b) according
to the rules described in Table 6.3.

So, instead of providing a potential number of 24 recommendations for
each hour of the day, the manager determines one recommendation for each
period, resulting in 4 or 5 recommendations in total per day.

Setting the number of periods and the duration of each period is a fun-
damental aspect that significantly affects the performances of the community
from a quantitative point of view. One can intuitively consider that increasing
the number of periods (and the number of recommendations) will also improve
performances due to the higher accuracy in capturing the ever-changing energy
profile in residential homes. Since in (Bonino et al., 2012) the consumption goals
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Table 6.3: Recommendation periods definition

Period Inferior Superior Description
limit limit

Midday τPV
lim_inf τPV

lim_sup automatically set by the manager
considering the expected PV production for the respective day pexpectedPV

Peak production τPV
peak_inf τPV

peak_sup represented by one hour where there is maximum production
(or two or three consecutive hours around this hour,

if they are at least 80% of the maximum value).
If there is only a maximum value, then τPV

peak_inf = τPV
peak_sup.

Morning period 08:00 τPV
lim_inf optionally, the model considers the morning period

if there is no PV production between 08:00 and τPV
lim_inf

Night period τPV
lim_sup 23:00 a period in the day where there is no PV production

are set for a complete day, one can infer that providing too many recommen-
dations during one day would result in a troublesome experience for citizens.
Moreover, a relatively low number of recommendations may be easier to imple-
ment by people, thus improving the chances that community members adopt
these recommendations in their daily behaviour. Nevertheless, it is assumed
that 4 or 5 recommendations per day represent an adequate choice.
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Figure 6.4: One turn coaching strategy. The formalism used is UML Sequence
Diagram.
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6.3 Markov Chain model to simulate energy com-
munity member reactions to recommenda-
tions

Focusing on the actor component of the energy community, the behaviour
of community members should be modeled in a way that reflects uncertainty.
However, it is important to note that only the reaction to recommendations
should be modeled, not the entire energy consumption behaviour of people.
To this aspect, Hidden Markov Models can be used as suitable models.

The concept of using Hidden Markov Models to account for uncertainty
is not considered novel. However, it is important to identify the specific pro-
cess that uncertainty represents. For instance, in human behavior towards en-
ergy consumption, it might be challenging to conceptualize the source of un-
certainty from a broader perspective. Nevertheless, when implementing the
recommendation system, the problem’s scope narrows to whether the recom-
mendation is followed or not. In other specialized literature (Lin et al., 2022),
Markov models are employed in contexts where the scope is limited to a human-
robot interaction process. In (Chung and Liu, 2008), the authors propose a
Hidden Markov model for understanding the uncertainty in human behaviour.
In (Zhao et al., 2023), the authors use a Hidden Markov model embedded in a
multi-agent system to predict how the collective intelligent of a team of humans
and machines will evolve in time. In occupancy problems for examples, Hidden
Markov Models can be used to estimate occupancy as a step in designing energy
management strategies (Soudari et al., 2016). Uncertainty in behaviour can be
also related to transportation systems, as researchers try to enhance the energy
performances of a building based on the recognition of the EV parking process
using Markov chains (L. Cao et al., 2021).

Considering these literature examples, Hidden Markov models have been
used to model the uncertainty specifically related to the daily process of follow-
ing recommendations. Generally, a Hidden Markov Model λ is characterised
by 3 elements: the transition matrix A reflecting the probability distribution to
change states, the emission matrix B depicting the probability distribution to
generate observations and the initial states probability distribution π.

When modeling the community members’ reaction to recommendations,
the proposed model presented and further used in this study is composed of
two hidden states: Attentive and Inattentive, reflecting the potential state
of a community member as he reacts to a recommendation. This is because
community members focus on the recommendation received, thus consuming
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energy in the manner suggested by it (attentive), while in some other cases the
community member may respect the recommendation or not, while not being
specifically aware of the recommendation received (inattentive).

The transition matrixA, characterising the probability distribution to tran-
sition from one state to another (Rabiner, 1989). In the proposed case with two
hidden states (attentive, inattentive), the transition matrix becomes Eq. 6.3.

A =

Attentive Inattentive
Attentive a 1− a

Inattentive b 1− b

(6.3)

Here, a and b are the probabilities of remaining in the same state for the
"Attentive" and "Inattentive" states, respectively.

The emission matrix B, characterising the probability distribution to to
generate observations given the current state (Rabiner, 1989). Since the two
possibilities in relation to the recommendations are "Follow recommendation"
and "Not follow recommendation", the emission matrix can be defined as Eq.
6.4

B =

Follow Not follow
Attentive α 1− α

Inattentive β 1− β

(6.4)

Here, α and β are the probabilities of the "Follow" observation given the
"Attentive" and "Inattentive" states, respectively.

An important property of Hidden Markov Models is that the current state
depends only on the immediate previous state of the system. This aspect relates
to certain patterns in human behaviour, particularly when people adhere to
their daily routines. For instance, sequences such as "have breakfast" followed
by "have coffee" and then "go to work" represent routines, making them suitable
for representation by Hidden Markov Models.

Addressing this, the previously proposed model described by Eqs. 6.3 and
6.4 can be seen as a "low resolution" model, since it does not try to capture in too
much detail particularities of human behaviour. Instead, this model comprised
of only two states attempts to encapsulate human behaviour related to follow-
ing recommendations in a general sense, while still preserving the properties
inherent to Hidden Markov Models.

In relation to the energy consumption behaviour context, the choice of the
two hidden states relies on several fundamental aspects. Firstly, the attentive
state encapsulates the concept of energy sobriety that has been discussed in
previous chapters and, as such, represents a crucial criterion to consider when
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Figure 6.5: Hidden Markov chain for modeling the reaction of community
members

modeling community members. Secondly, the introduction of the inattentive
state allows the model to incorporate factors such as presence or availability to
follow recommendations, two important aspects in terms of building energy
performance and at an informational level for the manager. Lastly, by opting
for a small number of states, the model reflects simplicity, and its stochastic
nature could be suitable for a wide spectrum of scenarios in residential homes,
regardless of the number of occupants, diversity of appliances, or other factors.

The general parameters of the model are described by Fig. 6.5. The
parametrisation shown in Fig. 6.5 has been chosen based on several aspects.
Firstly, due to the high degree of uncertainty, a member may either maintain
their current hidden state or switch to the other one with equal probabilities.
This principle can be observed on the transition probabilities. Alternatively,
these probabilities may be adapted to obtain different attentivness profiles. For

example, a highly attentive member would have A =

(
0.8 0.2

0.8 0.2

)
.

Secondly, regarding the emission probabilities, there are two scenarios to
consider. Firstly, if a member is inattentive, they may follow or not follow the
recommendation with equal probability. This is because the change in con-
sumption could either be an increase or decrease. Secondly, if a member is at-
tentive, the parameter α is proposed to allow for variations within the Markov
chain. For instance, a community with enthusiastic members (characterised by
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a high α, such as 0.8) should perform better than a community with ’reluctant’
members (characterised by a lower α, such as 0.3).

In the context of this research, Hidden Markov Models (HMMs) are partic-
ularly valuable for their generative capabilities. In the multi-agent model of an
energy community, different community member behaviours will be generated
according to the aforementioned model. However, if more data becomes avail-
able (possibly from a field study), this model could be refined to better reflect
the actual behaviour of people using a community aiding service, such as the
one proposed in this study.

Regarding the intensity of the community members’ reaction, it is assumed
that one can model this in the stochastic manner described by Eq. 6.5.

prealLoad,i,t =



U(0, 0.5) · pestimated
Load,i,t if recommendationt = BLINKING RED

U(0, 1.2) · pestimated
Load,i,t if recommendationt = STRONG RED

U(0.8, 1.2) · pestimated
Load,i,t if recommendationt = WHITE

U(0.8, 3) · pestimated
Load,i,t if recommendationt = STRONG GREEN

U(1.5, 3) · pestimated
Load,i,t if recommendationt = BLINKING GREEN

(6.5)
where U(a, b) reflects a uniform probability choice between a and b.
This choice explicitly shows that there is another level of uncertainty regard-

ing human actions when aiming to preserve privacy of people. Alternatively, a
deeper understanding of the possible changes in consumption could be formed,
at the cost of identifying and measuring the individual impact of each appli-
ance. Moreover, these values are adequately chosen to cover a certain interval
of change in consumption (between 0% and 300%), in a manner which does
not rely on using a wider range of signals (or colors) to account for simplicity.
Although, for this work it is assumed that these values are known, they may be
recorded in an future alternative field study.

6.4 Simulation scenarios
The strategies have been evaluated in a case-study on 5 residential homes from
Grenoble, for a period of almost one year. The consumption data for each
community member has been obtained from the IRISE database (see chap-
ter 4). This consumption data represents the business-as-usual representa-
tion pestimated

Load for each community member. In this work, it is assumed that
pexpectedLoad = pestimated

Load , meaning that the manager have a very good expectation
of what the business as usual scenario means for the community members. Al-
thoughpexpectedLoad can be alternatively determined through estimation techniques
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43 The reader can check
again the recommendation
strategies in Figs. 6.1 6.2 and
6.4 to see the role of τ .

or by adequately choosing observation days and measuring the consumption
of community members, this aspect is not in the scope of this work.

The PV production pexpectedPV is obtained using the model in Eq. 5.1. The
chosen surface is A = 100m2, with a PV efficiency of 13%. The solar irra-
diance Gt was obtained using the model implemented in the buildingenergy
project (Ploix, 2021), for a slope of 30 degrees towards South for maximum
power output, with the geographical coordinates set for Grenoble.

Results are evaluated in terms of self-consumption, self-sufficiency, the
net-energy-exchanged-with-the-grid normalised to the estimated consumption
of the community, the recommendation deviation rate and the contribution
change rate.

The simulation scenarios are further clustered in two groups. One group
consists of the simulation scenarios involving only ideal members, reflecting an
"extreme", ideal case, while the other group aims to design a community that is
as realistic as possible.

6.4.1 The extreme case
The extreme case focuses on community members that always follow the rec-
ommendations, hence α = 1 and are always in the attentive state. The aim of
these scenarios is to show the maximum potential impact of recommendations,
similarly to the case of optimising a pure technical system.

The purpose of the simulation scenarios is to evaluate the impact of each
previously proposed strategy on a community with ideal members, both in
terms of system performance and human effort. This evaluation is done under
different comfort parameters, denoted byτ 43. As such, each simulation scenario
uses a distinct value of τ .

The results can be analysed comprehensively in Table 6.4 and graphically
Fig. 6.6, offering a clear view of changes across scenarios. The results are pre-
sented in terms of Recommendation Deviation Rate, Contribution Change
Rate, and Average Contributions per Day to obtain a complete image of the
potential human discomfort that may appear when following recommenda-
tions. Furthermore, concerning energy system performance, the results provide
a comparison between estimated self-consumption and self-sufficiency, reflect-
ing performance prior to recommendations, and real self-consumption and self-
sufficiency, reflecting system performance after using the recommendation sys-
tem. In addition, although this indicator is primarily used for optimisation pur-
poses, a version of the net-energy-exchanged-with-the-grid indicator (NEEG)
is also included. This version is normalised to the initial estimated NEEG.
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Table 6.4: Results for a residential community, the extreme case; The green rows
mark the best solutions, considering system performances, human involvement
and the average number of contributions per day; est.: estimated, SC: self-
consumption, SS: self-sufficiency, NEEG: Net-Energy-Exchanged-with-the-
Grid, RDR: Recommendation Deviation Rate, CCR: Contribution change
Rate

ID Scenario est. SC est. SS real SC real SS NEEG RDR CCR Avg. contrib. per day
1 one turn informative with τ = 0 0.49 0.38 0.53 0.43 0.89 0.5 0.13 3.17
2 one turn informative with τ = 100 0.49 0.38 0.54 0.43 0.89 0.5 0.15 3.64
3 one turn informative with τ = 500 0.49 0.38 0.53 0.43 0.89 0.47 0.22 5.17
4 one turn informative with τ = 1000 0.49 0.38 0.53 0.43 0.9 0.43 0.26 6.14
5 one turn informative with τ = 1500 0.49 0.38 0.53 0.42 0.92 0.39 0.28 6.83
6 two turns informative with τ = 0 0.49 0.38 0.86 0.6 0.55 0.95 0.31 7.37
7 two turns informative with τ = 100 0.49 0.38 0.86 0.61 0.53 0.93 0.33 8.02
8 two turns informative with τ = 500 0.49 0.38 0.88 0.64 0.47 0.88 0.41 9.9
9 two turns informative with τ = 1000 0.49 0.38 0.86 0.63 0.49 0.79 0.49 11.65
10 two turns informative with τ = 1500 0.49 0.38 0.84 0.6 0.55 0.68 0.45 10.77
11 one turn coaching with τ = 0 0.49 0.38 0.53 0.42 0.92 0.5 0.1 2.44
12 one turn coaching with τ = 100 0.49 0.38 0.53 0.42 0.92 0.5 0.1 2.44
13 one turn coaching with τ = 500 0.49 0.38 0.53 0.42 0.92 0.49 0.11 2.7
14 one turn coaching with τ = 1000 0.49 0.38 0.52 0.42 0.93 0.45 0.14 3.36
15 one turn coaching with τ = 1500 0.49 0.38 0.52 0.41 0.94 0.4 0.15 3.54
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Figure 6.6: Graphical representation of the results obtained in the extreme case (Table 6.4). While the two-turn informative
strategy yields the best performance at the cost of increased effort, the coaching strategy delivers similar results to that of the
one-turn informative approach. The Jupyter notebook used to generate this figure can be accessed here. Implementation in
M. S. Simoiu, 2023
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44 It is worth noting again
that the Contribution
Change Rate quantifies
how frequently people
are required to modify
their energy consumption.
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45 As described before, τ
represents a power threshold
for not providing recom-
mendations when there is
only a very small difference
between the expected con-
sumption and production.
46 It is worth noting
again that the Recom-
mendation Deviation
Rate captures the inten-
sity of recommendations.
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With or without recommendations: an overall analysis

In terms of performances, especially self-consumption, self-sufficiency, and net
energy exchanged with the grid, there is a certain improvement compared to the
estimated, buisness-as-usual scenario. For instance, it is clear that using a two-
turn strategy, where the service provides additional recommendations during
the day, is the clear choice when the community is very demanding in terms of
performance. Even though one should take into account that the community is
composed of ideal agents and a realistic community might yield different results,
it is important here to emphasise the perception of the agents. It is clear that
an urgent, ’blinking’ recommendation yields better performances then other
more straightforward recommendations.

In contrast to the system’s performance, it can be noticed that the intensity
of recommendations is significantly higher than in the case of one-turn strate-
gies, suggesting that the manager often requires the community members to
adapt their usual behaviour. This aspect is also reflected in the Contribution
Change Rate44.

Interestingly, it should be noted that one-turn informative and one-turn
coaching systems provide similar performance, despite requiring different levels
of effort from the community. This aspect comes as an additional argument
that the human perception should be accounted for, especially when defining
what a contribution should be. Specifically, it would be beneficial for both
community members and the system to provide recommendations for certain
period rather than every hour, as similar performances can be achieved at a lower
effort reflected by almost 2-3 recommendations per day.

The impact of the comfort parameter

Regarding the impact of the comfort parameter45, τ , it is noticeably reflected
in both the Recommendation Deviation Rate46 and the Contribution Change
Rate. While it is evident that an increased comfort parameter reduces the in-
tensity of recommendations, leading to a lower Recommendation Deviation
Rate, the same cannot be said for the Contribution Change Rate. This effect
is particularly evident in the one-turn-informative strategy and the two-turn-
informative strategy, where recommendations are given hourly. In these two
scenarios, given the comfort parameter, the manager frequently transitions be-
tween recommendations, which results in increased effort for the community
members. However, with the coaching strategy, the change in the Contribution
Change Rate due to modifications in τ is not as pronounced. This is because,
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in this case, recommendations are provided for more than just an hour and the
overall consumption over the period becomes the main evaluation criteria.

System performance vs. discomfort: a Pareto analysis on the main indi-
cators

Overall, a better perspective upon the impact of each strategy can be achieved
by selecting the Net-Energy-Exchanged-with-the-Grid, the Recommendation
Deviation Rate, and the Contribution Change Rate as the most pertinent indi-
cators in terms of system performance and perceived effort. Specifically, Fig. 6.7
displays a two-by-two graphical representation of the results for the investigated
simulation scenarios, where a Pareto plot is drawn for each combination.
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Figure 6.7: The extreme case - Pareto evaluation over the three most relevant indicators. The Jupyter notebook used to generate
this figure can be accessed here. Implementation in M. S. Simoiu, 2023

As it can be seen in Fig. 6.7, in the first two plots involving the Net-energy-
exchanged-with-the-grid, the values associated to the two-turns informative
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47 As previously discussed,
if a day is divided into signif-
icant periods based on PV
production, the one-turn
coaching strategy’s goal is
to provide one recommen-
dation per period, rather
than offering a recommen-
dation every hour as done
in the one-turn informative
strategy.

48 For a comparative anal-
ysis on recommendations
(expected impact) and real
member reaction, the fol-
lowing plot is proposed:

STRONG
GREEN

GREEN

WHITE

the member
follows the

recommendation

the member does not
follow the

recommendation
(consumes as expected)

Legend

Real action

Recommendation

strategy are mostly associated to increase performance and effort and therefore
are usually grouped in a corner. On the other hand, the values associated to
the other two strategies are similar in terms of performances and can be noticed
relatively in the same area. Additionally, in the last plot involving only effort-
related indicators, it can be seen that the one-turn coaching47 strategy associated
results are dominating the other two strategies.

These aspects emphasise again that the coaching strategy might be a good
choice for a recommendation strategy that takes into account people discom-
fort. Specifically, with only a few, adequately developed recommendations per
day, the economic and environmental benefits for the energy community could
be enhanced. However, as demonstrated in the case of the two-turn informative
strategy, the actors’ perceptions and the intensity of their reactions are the pri-
mary distinguishing factors between a minor overall performance improvement
and a substantial one.

Finally, the two strategies that yield overall good results in terms of system
performance, while still considering human effort, are highlighted in green in
Table 6.4. These two scenarios are also marked considering that the average
number of contributions per day is similar, thus ensuring a fair comparison in
terms of recommendation efficiency when analysing both scenarios.

An in-depth analysis on the collective impact

Alternatively, for a more in-depth view of the impact of recommendations at
individual and collective level, an analysis for each strategy can be seen in Figs.
6.8, 6.10, 6.9. In each figure, there are six subplots, grouped three by three.
Each group refers to a representative period in the year. The first group refers to
March, a period in the year with not so much PV production, while the second
group refers to June, when there is significant PV production.

As for the structure of each group, the first subplot in each group shows
a comparison between power profiles, namely the profiles before the recom-
mendations (pestimated

community,Load and pestimated
PV ) marked with dashed lines, and the

consumption profile obtained after the members have reacted to recommen-
dations (prealcommunity,Load), marked with a continuous blue line. In the second
subplot, there are two distinctive arrow plots, associated with the labels on the
’y’ axis representing the recommendations. Specifically, the blue arrows repre-
sent the recommendations given and the green arrows represent the real actions
of a representative member randomly chosen from the community. As an ex-
ample, at an hour t if the green arrow is very close to the blue arrow, then it is
considered that the respective member has followed the recommendation48. In
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the third subplot, the state evolution of the representative community member
is depicted.
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Figure 6.8: Collective impact analysis - one turn informative strategy for a community with ideal members, with τ = 0.
Note: in the state transitions of the representative member plot, there are two possible values, corresponding to the two
states: attentive and inattentive. At each hour, the member may find itself in a certain state, so the plot generally follows the
evolution between states. In this scenario (and also in Figs. 6.10, 6.9), the extreme case is characterised by ideal members who
are considered to be always attentive. The Jupyter notebook used to generate this figure can be accessed here. Implementation
in M. S. Simoiu, 2023

In Fig. 6.8, for example, it can be observed that the informative strategy has
the desired impact at the collective level, with the community’s actual consump-
tion increasing relative to the estimated consumption levels obtained prior to
the integration of the recommendation system. Moreover, from a members’
perspective, the contributions do not seem to vary greatly from one hour to
another, a behaviour that resembles the coaching strategy where recommenda-
tions are given for extended periods. This is attributable to the often significant
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differences between consumption and production in the depicted case. In an
alternative scenario where the difference is smaller, the informative strategy
might be more effective at "fine-tuning" the alignment between consumption
and production, given the frequency of issuing recommendations.
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Figure 6.9: Collective impact analysis - two turns informative strategy for a community with ideal members, with τ = 0 The
Jupyter notebook used to generate this figure can be accessed here. Implementation in M. S. Simoiu, 2023

With regard to the two-turns informative strategy (Fig. 6.9), it can be pri-
marily observed that consumption more closely aligns with the production pro-
file, thus providing a clear argument for the very good system performances that
were noted in Table 6.4. However, there are certain situations where consump-
tion greatly surpasses production, a result that might be deemed unfavorable,
given the importance of promoting energy sobriety. This is primarily because
of the blinking recommendations that reflect a sense of emergency and require
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a significant involvement from community members, but also because the man-
ager service does not have comprehensive knowledge of the community when
issuing recommendations. Therefore, in a context of an ideal community where
members consistently follow recommendations with considerable involvement,
it is critically important to provide accurate, tailored recommendations, possi-
bly based on a more in-depth understanding of the community members.
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Figure 6.10: Collective impact analysis - one turn coaching strategy for a community with ideal members, with τ = 0. Note:
the yellow dotted lines reflect the peak production period, as it was defined in Table 6.3. The Jupyter notebook used to generate
this figure can be accessed here. Implementation in M. S. Simoiu, 2023

Finally, in terms of issuing recommendations, the one-turn coaching strategy
indeed creates a suitable environment for individuals to become accustomed to
the concept of recommendations. In Fig. 6.10, from a member’s perspective, it
can be seen that typically 2 or 3 contributions are required per day, and these
contributions are associated with moderate intensity signals (Green or Red). It
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could also be considered that, for a typical community member, having a simple
schedule to follow based on these recommendations may be a more favourable,
realistic solution for contributing to the collective benefit. Therefore, dividing
the day into periods based on estimated production and issuing recommenda-
tions accordingly might serve as a good general starting point for residential
energy communities.

6.4.2 The realistic case
For simulating a realistic scenario, the transition matrix for each member is(
0.5 0.5

0.5 0.5

)
and the emission matrix is determined by the random uniform

choice of the parameter α, for each member, considering the Hidden Markov
Model structure in Fig. 6.5. This selection of transition matrix implies a bal-
anced proportion between attentive and inattentive states, reflecting a truly ran-
dom behavior that might be displayed by households with several inhabitants,
diverse schedules, or availability patterns. On one hand, this could be viewed as
a pessimistic scenario since energy communities generally consist of motivated
individuals who actively want to contribute to the environment. However, con-
sidering the random nature of this model and a simulation period of nearly a
year, the subsequent simulation scenarios will reveal whether benefits can be
derived even under unfavorable conditions. Similar to the extreme case, each
scenario is associated to a comfort parameter τ .

With or without recommendations: an overall analysis

For the realistic case, the results can be seen in Table 6.5. A graphical depiction
of these results can be analysed in Fig. 6.11.

While there is small difference (around 1-2%) for the one-turn informative
and coaching strategies, there is a notable larger difference for the two-turn strat-
egy. This is because a larger number of recommendations implies that members
are requested to react more frequently, so an ideal member who always follows
the recommendation yields a significantly bigger performance a member with
a different motivation level.

The impact of the comfort parameter

Compared to the extreme case, the comfort parameter τ generally has a similar
impact across all recommendation strategies. This suggests that the energy com-
munity should tailor this parameter according to their preference for the recom-
mendation deviation rate or the contribution change rate. For instance, a τ = 0
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Table 6.5: Results for a residential community, the realistic case; The green rows
mark the best solutions, considering system performances, human involvement
and the average number of contributions per day; est.: estimated, SC: self-
consumption, SS: self-sufficiency, NEEG: Net-Energy-Exchanged-with-the-
Grid, RDR: Recommendation Deviation Rate, CCR: Contribution change
Rate

ID Scenario est. SC est. SS real SC real SS NEEG RDR CCR Avg. contrib. per day
1 one turn informative with τ = 0 0.49 0.38 0.51 0.41 0.95 0.5 0.13 3.17
2 one turn informative with τ = 100 0.49 0.38 0.52 0.41 0.94 0.5 0.15 3.64
3 one turn informative with τ = 500 0.49 0.38 0.51 0.41 0.95 0.47 0.22 5.17
4 one turn informative with τ = 1000 0.49 0.38 0.52 0.41 0.94 0.43 0.26 6.14
5 one turn informative with τ = 1500 0.49 0.38 0.51 0.4 0.96 0.39 0.28 6.83
6 two turns informative with τ = 0 0.49 0.38 0.68 0.52 0.72 0.97 0.24 5.81
7 two turns informative with τ = 100 0.49 0.38 0.74 0.55 0.66 0.96 0.28 6.82
8 two turns informative with τ = 500 0.49 0.38 0.72 0.55 0.67 0.91 0.35 8.38
9 two turns informative with τ = 1000 0.49 0.38 0.71 0.54 0.7 0.82 0.42 10.01
10 two turns informative with τ = 1500 0.49 0.38 0.68 0.52 0.73 0.72 0.42 10.19
11 one turn coaching with τ = 0 0.49 0.38 0.51 0.4 0.95 0.5 0.1 2.44
12 one turn coaching with τ = 100 0.49 0.38 0.51 0.4 0.95 0.5 0.1 2.44
13 one turn coaching with τ = 500 0.49 0.38 0.51 0.4 0.95 0.49 0.11 2.7
14 one turn coaching with τ = 1000 0.49 0.38 0.51 0.4 0.97 0.45 0.14 3.36
15 one turn coaching with τ = 1500 0.49 0.38 0.51 0.4 0.97 0.4 0.15 3.54
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Figure 6.11: Graphical representation of the results obtained in the extreme case (Table 6.5). The Jupyter notebook used to
generate this figure can be accessed here. Implementation in M. S. Simoiu, 2023
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would be suitable for those who favor receiving numerous demanding Green
or Red recommendations, which would result in a high Recommendation De-
viation Rate over several consecutive hours and, in turn, a low Contribution
Change Rate. Conversely, if τ is set to a significant value, it would result in a
manager that doesn’t place excessive demands on the community as he generally
provides the White recommendation, thus leading to a low Recommendation
Deviation Rate. This would be excepted during critical periods when the differ-
ence between consumption and production is substantial, which would trigger
an increased Contribution Change Rate.

System performance vs. discomfort: a Pareto analysis on the main indi-
cators

Analogous to the extreme case, a Pareto plot is presented for each combination
of the most relevant indicators (Fig. 6.12). By analysing the Pareto plot, it can
be observed that the change in terms of the Net-Energy-Exchanged-with-the-
Grid does not profoundly affect the dominance relationship between strategies.
Some small differences do appear, for example, in the first plot between NEEG
and RDR, where the results associated with the informative and coaching strate-
gies appear more clustered, further emphasizing the similarity in terms of energy
performance between the two strategies.

An in-depth analysis on the collective impact

Figures 6.13, 6.14, and 6.15 offer a collective analysis of the profiles associated with
the community over significant periods during the simulation. These figures
are correlated with the responses of a representative member who has been
arbitrarily chosen from the community.

For example, in Fig. 6.13, the impact of the hidden states in the behaviour
of the representative member can be noticed in his reaction to recommenda-
tions. Comparing to the extreme case, it is evident here that the member may
occasionally fail to follow the recommendation given the state he is in. Some
interesting situations are also observed, for example cases when the the member
is inattentive all day, potentially reflecting a case where people are away from
home.

In Fig. 6.14, which illustrates the analysis over the two-turn strategy, the
impact of human behavior is most easily noticeable. However, since the mem-
bers are no longer ideal, there are very few to almost no instances where real
consumption exceeds the estimated production. This is due to the fact that at
any given moment, there may be at least one member who is inattentive or does
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Figure 6.12: The realistic case - Pareto evaluation over the three most relevant indicators. In comparison to the extreme case
(Fig. 6.7), the dominance relationship is maintained across strategies. The Jupyter notebook used to generate this figure can
be accessed here. Implementation in M. S. Simoiu, 2023
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Figure 6.13: Collective impact analysis - one turn informative strategy for a realistic community, with τ = 0. Note: in the state
transitions of the representative member plot, there are two possible values, corresponding to the two states: attentive and
inattentive. At each hour, the member may find itself in a certain state, so the plot generally follows the evolution between
states. The same is considered for Figs. 6.14, 6.15. The Jupyter notebook used to generate this figure can be accessed here.
Implementation in M. S. Simoiu, 2023

not adhere to the provided recommendation, in contrast to the extreme case
where every recommendation was followed.

Regarding the coaching strategy (Fig. 6.4), the changes in performances
are similar to the ones obtained as a consequence of the one-turn informative
strategy.

An interesting aspect that can be noted in both scenario groups (extreme
and realistic) refers to the overall difference between the consumption and pro-
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Figure 6.14: Collective impact analysis - two turns informative strategy for a realistic community, with τ = 0. The Jupyter
notebook used to generate this figure can be accessed here. Implementation in M. S. Simoiu, 2023

duction profiles and its relationship to the comfort parameter τ . Given that the
power profiles are relatively similar, the overall impact of τ is significant as it
limits the manager’s ability to issue demanding recommendations. However, if
the PV output were significantly larger than the collective consumption, then
the impact of τ would generally be minimal over the course of the year, possibly
with exceptions during the winter months.

Overall, one can notice also that the realistic scenario is not so significantly
different from the extreme case. This is because the Markov Chain model pro-
posed (Fig. 6.5) adequately represents the availability of community members.
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Figure 6.15: Collective impact analysis - one turn coaching strategy for a realistic community, with τ = 0. Note: the yellow
dotted lines reflect the peak production period, as it was defined in Table 6.3. The Jupyter notebook used to generate this figure
can be accessed here. Implementation in M. S. Simoiu, 2023

From a future perspective, this may be considered an optimistic outcome, since
a realistic scenario with a mixture of community members with different moti-
vations can obtain relatively good performances comparing to a system that is
rather considered fictional.
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6.5 Conclusion
This chapter proposes a solution for effectively controlling the energy system
of an energy community, considering the activity and contribution of the com-
munity members. Specifically, the solution refers to a recommendation system
that provides colored signals to residential community members to influence
the community’s energy flow so that consumption is matched with the produc-
tion.

The main contributions presented in this chapter are represented, firstly,
by the indicators that evaluate the human effort in following recommendations.
These indicators, namely the recommendation deviation rate and the contribu-
tion change rate, mainly address the issue that the service providing recommen-
dations must always account for the human involvement in the community
life, a contrasting scenario with the usual optimisation of technical systems. Al-
though dissatisfaction indicators are typically employed in occupancy-related
issues (Pal et al., 2019), or sometimes refer to effort as the work done by a spe-
cific agent (Zhao et al., 2023), the proposed indicators are developed within
a different context, adhering to the same underlying principle: establishing a
connection to the desired behavior of human actors. Moreover, the perfor-
mances of the system are evaluated considering a significant involvement from
interacting humans, a step forward in research involving energy in buildings.

Secondly, a case study is proposed to depict the activity of a community
in a multi-agent simulation framework. The case study emphasises the perfor-
mances that may be achieved in different scenarios, from an extreme case where
it is assumed that members always follow the recommendations to a case that
aims to be as close to reality as possible. Comparing to other works (Xiong
et al., 2020; Zhou et al., 2018), the proposed solution represents a distinctive
approach on how community members have an own behaviour model and act
independently on other technical mechanisms.

In this chapter, another contribution is presented: the stochastic model-
ing of community members’ behavior using Markov chains. By employing a
simplified hidden state model, a precise approach is proposed to model com-
munity members’ reactions to recommendations within a residential context
characterized by deep uncertainty.

The proposed solution adheres to the fundamental principle which is also
notice in other research works Lin et al., 2022 which is is to model uncertainty
within a limited, restricted scope.However, the approach also aims to address a
distinct problem: modeling human behavior related to energy consumption.

89



Although previous studies have explored related domains such as occupancy
(Soudari et al., 2016) or EVs (L. Cao et al., 2021) , the model introduces a novel
application of Hidden Markov models, focusing on the interaction between
human actors and an intelligent assistance service.

Furthermore, the model incorporates behavioral factors, such as motivation
and availability to respond, enabling the development of various pessimistic and
optimistic scenarios.
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Additional information
A variant of the one turn informative strategy was described in the following
work, in initial study on the comfort parameter:

Simoiu, M. Ş., Făgărăşan, I., Ploix, S., Calofir, V., & Iliescu, S. S.
(2023). A Recommendation Strategy Proposal for an Energy Community
Modeled as a Multi-agent System [Series Title: Studies in Computational
Intelligence]. In T. Borangiu, D. Trentesaux, & P. Leitão (Eds.), Service
Oriented, Holonic and Multi-Agent Manufacturing Systems for Industry
of the Future (pp. 48–58, Vol. 1083). Springer International Publishing.
https://doi.org/10.1007/978-3-031-24291-5_4

The day-segmentation mechanism considering the PV production profile
has been described in:

Simoiu, M. S., Fagarasan, I., Ploix, S., & Calofir, V. (2022). Modeling
the energy community members’ willingness to change their behaviour with
multi-agent systems: A stochastic approach. Renewable Energy, 194, 1233–1246.
https://doi.org/10.1016/j.renene.2022.06.004

The Hidden Markov Model structure was initially proposed in:

Simoiu, M. S., Fagarasan, I., Ploix, S., Calofir, V., & Iliescu, S. S. (2023).
Markov Chain model for energy community member reaction to recommenda-
tions: A multi-agent case study. Proceedings of The 24th Conference on Control
Systems and Computer Science, (Accepted, to be published)

The simulation framework used for the work in this chapter is available here:

Simoiu, M. S. (2023, October). RENO - a multi-agent simulation tool for a
renewable energy community [Language: en]. https://doi.org/10.5281/zenodo.
8424333
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Chapter 7

Case study: Controlling
the energy system of a

subway station
considering human

involvement

7.1 A divergent approach on energy community
management

As the previous chapter showed the collective impact of an energy community
guided by a recommendation system in the actor-service-system paradigm, this
chapter focuses on presenting a contrasting case-study. Specifically, the focus
is placed upon a residential community placed near a subway station which is
composed from the people that commute daily using the underground trans-
portation services.

From one point of view, this type of community differs from the previously
presented case study as it involves the inclusion of an external entity as part of the
system. The external entity in question is the subway transportation company,
which contributes its energy system of a subway station to the energy system of
the community. Thus, the resulting synergy is depicted in Fig. 7.1.

Through this mechanism, a new form of energy community is developed,
as the subway transportation company exerts significant influence over com-
munity activity by contributing its energy system to the community’s energy
system. Moreover, the energy system of the subway station infers the main en-
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Renewable energy community member
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Figure 7.1: The cooperation between the energy community and the subway
station

49 Again, it must be empha-
sised that people join the
energy community voluntar-
ily.

ergy efficiency problem, which is now a concern for both the transportation
company and the energy community. As a consequence, the transportation
company requires the involvement of external entities such as community mem-
bers to help improve energy flexibility.

In a more practical interpretation of Fig. 7.1, one can consider that this
new tripartite involvement is characterised by a different type of cooperation.
This is because both the community members and the transportation company
are interested and motivated49 to increase the economical and environmental
benefits of the energy system, so the energy community uses the community
manager service to provide recommendations as a tool for their daily activities.
The service also implements the typical functions of evaluation on indicators
and user preference interpretation, as it was the case in the previous case study.
In the end, the benefits obtained by the transportation company are adequately
distributed between community members.

However, the aim of this chapter is to show that even if the application
presented in this case study is practically different from the one presented in the
previous chapter, the conceptual approach for managing the energy community
remains the same.

Compared to other research works (Fan et al., 2022, Manso-Burgos et al.,
2022, Ceglia et al., 2022), the proposed solution in this chapter addresses the
management of an energy community while considering the dissatisfaction of
community members. This approach entails a more profound consideration
of human behavior, going beyond the conventional perspective of energy com-
munities, as presented in (Oraiopoulos et al., 2023).
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50 The IPP referes to the In-
ferred Power per Passenger,
as it was defined in Chapter
5

7.2 Flexibility in the work schedule: a distinct
approach for modeling community member
involvement

As previously mentioned in chapter 4, it is important to properly develop the
representation of the system in the community manager service based on ob-
served patterns in subway station consumption and passenger traffic. Specifi-
cally, the expected consumption is determined using inferred behaviors derived
from subway station consumption and passenger traffic data, as explained in
detail in Chapter 4. Additionally, as noted in Chapter 4, a relevant metric for
assessing the impact of each passenger is the inferred power per passenger

In the context of controlling the energy system of a subway station, the
proposed solution presented in this work refers to an energy community com-
posed of commuting passengers (of the respective subway station) as the main
influencing actor. This approach is preferred from several standpoints:

• The community must be limited in scope, meaning that not all subway
passengers are affected, only the commuting passengers. This is because
a typical energy community is driven by motivation, so it cannot be as-
sumed that all subway passengers are interested in participating in energy
efficiency improvement mechanisms.

• The focus of the study is the energy system of a particular subway sta-
tion, not the entire subway network. Therefore, the community must be
geographically limited to reduce uncertainty and ensure that economic
and environmental benefits can be appropriately distributed among com-
munity members. Additionally, studying a particular station provides a
suitable starting point that can be scaled to other requirements later on.

• the IPP50 is influenced by the time period of the day (an aspect that could
be noticed in the regression analysis in Chapter 4). Therefore, IPP esti-
mation techniques will be more effective if the focus is specifically on the
period when it is known that people commute to work.

Besides the estimated consumption that a community member may infer to
the subway energy, the model of a community member must be composed of
the preferred time for commuting, along with the preferred duration for staying
away at work. So, the following features are further defined:

• for a community member j, hi represents the preferred time to go to the
office
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• the preferred duration to stay in office is represented by ∆tfav,j

These two parameters explicitly describe the interaction of community
members with the system. Their meaning may be associated with personal pref-
erences, however sometimes one can consider this preferences as restrictions
imposed by the employer. For example, some people have the freedom to go
to work whenever they prefer, as long as they work 8 hours, while some other
people have a more strict working schedule.

In addition to obtaining a more detailed model of community members,
the use of these two parameters enables a more realistic depiction of a commu-
nity. Specifically, by taking into account the flexibility of community members
in terms of changing their commuting times, it becomes possible to consider
multiple member profiles. This approach is similar to the idea presented in
(Cruz et al., 2021) and (M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2022).

As such, three categories are further proposed:

• Fully flexible people - These community members have complete flex-
ibility in terms of the duration spent at the office from day to day. In
other words, they are able to arrive and leave the workplace at any time.
As a practical example, one can consider the people are able to continue
their work remotely.

• Semi-flexible people: individuals who have the freedom to arrive at the
office whenever they want but are required to complete eight hours of
work in the office each working day.

• People with no flexibility: individuals who are required to be at work
at a specific time (represented in our method by hi) and must complete
eight hours of work in the office every day.

Contrasting with other works that propose multi-agent methods for mod-
eling human actors (Lai et al., 2022, Norouziasl et al., 2020), the proposed
solution outlines a model for human actors as passengers commuting to work.
This approach focuses on a specific type of community member, characterized
by distinct actions and preferences.

As this chapter will maintain the same focus as the previous chapter, simu-
lation scenarios will reflect both extreme and realistic simulation scenarios. Re-
garding tfav,j andhi, these parameters may be alternatively measured in external
field studies or may be chosen adequately to investigate different community
variants. Consequently, it is further considered that typically each community
member stays at work around 8 hours (∆tfav,j = 8 for each member j).
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From a multi-agent perspective, another essential component required for
a comprehensive model of the energy community is the estimated number of
commuting passengers, denoted asmcommuting

est . This parameter is important in
accurately estimating the expected energy consumption of the community. As
a proposed solution, this number can be estimated using data from transporta-
tion tickets and other relevant sources collected during the validation process
at station access gates.

7.3 Smart commuting implemented through
recommendation strategies

In contrast with the case study proposed in the previous chapter, the manager
service represents in this case a system that provides recommendations to com-
mute at favourable times, so that the objectives of both the community and
the subway transportation company are met. One can notice that the nature of
the recommendation is different: while in the previous case study recommen-
dations were given as colored signals, in this case study the recommendations
are represented by timestamps.

Furthermore, target period for recommendations, commuting times cannot
be chosen arbitrarily throughout the day, since people can typically make slight
adjustments to their work schedules. Consequently, two flexibility periods are
proposed, defined by two specific time periods during the day. These periods
are selected to encompass the typical commuting periods, allowing for only
small variations in arrival and departure times (as shown in Fig. 7.2).

morning
flexibility period

05:00 23:00

afternoon
flexibility period

morning
commuting period

afternoon
commuting period

Commuting  
passengers

Figure 7.2: Flexibility periods relative to the commuting periods

Based on the information taken into account, one can distinguish two rec-
ommendation strategy types: recommendation strategies accounting only for
consumption and production and recommendation strategies that additionally
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51 This strategy is similar
to the one turn informative
strategy proposed in the
previous chapter

account for community member preferences. Consequently, for each subse-
quent category, one strategy is proposed:

• an informative recommendation strategy: this strategy implies that the
manager simply highlights the best commuting hours for the members.
51

• a multi-objective recommendation strategy, that takes into account both
the performance-related objectives of the community and the dissatisfac-
tion of the members relative to their preferences.

By referring to the multi-agent framework (Fig. 4.3), the sequence diagram
depicting the impact of the recommendation strategy is represented in Fig. 7.3.

Hour Commute

Send work schedule
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Send recommended commuting times
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Member 1

Community
Member 2

Compute recommended
comuting times

Send work schedule

Request work schedule

Commute

Calculate 

Request work schedule

M
an

ag
er

 D
ay

Ti
m

e 
Sl

ot
 1

M
em

be
r D

ay
Ti

m
e 

Sl
ot

 1

Ti
m
e M

an
ag

er
 H

ou
r T

im
e 

Sl
ot

2

Send recommended commuting times

M
em

be
r H

ou
r

Ti
m

e 
Sl

ot
 1

M
an

ag
er

 H
ou

r
Ti

m
e 

Sl
ot

 2

Figure 7.3: UML Sequence diagram representing the recommendation mecha-
nism from a multi-agent perspective.

As the informative strategy is very similar to the one presented in the previ-
ous chapter, this section will further describe the impact of the multi-objective
strategy. The objective of the optimisation problem is described by 7.1.

min wNEEG · NEEGexpected,norm + wDIS · DISexpected,norm (7.1)
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where NEEGexpected,norm represents the expected net-energy-exchanged-
with-the-grid of the community, normalised between 0 and 1, DISexpected,norm

represents the expected average community dissatisfaction, normalised relative
to the flexibility period and wNEEG, wDIS represent weights that can be used
to obtain several strategy variants (for example, a more performance-oriented
strategy would have wNEEG bigger then wDIS).

From the community manager’s perspective, the net-energy-exchanged-
with-the-grid can be written for a period (either morning or afternoon):

NEEGexpected
period =

∑
t

|pexpectedLoad,t − pexpectedPV,t |∆t (7.2)

To develop the expected level of consumption, it is assumed that the man-
ager has access to the preferred arrival time and duration of work for each com-
munity member. In a real implementation, this information could be collected
directly from members through an integrated application at the beginning of
each month or year. Using this information, the manager can group commu-
nity members into several groups ghi

based on their preferred departing time
hi. Typically, if a group commutes at a certain hour, then it infers a certain
consumption in the subway energy system. So, for each favourite hour, there
would be an expected consumption profile for the morning p

expected,ghi
morning and

an expected consumption profile for the afternoon p
expected,ghi
afternoon . It should be

noted that two periods are used (morning anf afternoon), as it has been assumed
that two different average values for the IPP are utilized - one for each period.

In the optimisation problem presented in Eq. 7.1, recommendations are pro-
vided to groups of individuals, with each group being assigned a recommended
commuting time during the flexibility period. Boolean decision variables, de-
noted by xghi ,t

, are used for each group and each hour in the flexibility period
to model these recommendations.

For example, assuming four commuting hours from 7:00 A.M. to 10:00
A.M., four groups are considered (g7, g8, g9, and g10) based on each group’s
preferred departing time, such as the group of people who prefer to depart
at 8:00 A.M. is g8. If a recommendation is made for a group preferring to
commute at 8:00 A.M. to shift to 7:00 A.M., the corresponding set g8 will
have xg8,7 set to 1 while all other variables in the set will be set to 0. To provide
a better illustration, a simple example is presented in Figure 7.4, where each
group is recommended to commute during their preferred commuting time,
using the previously defined commuting and flexibility periods.
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6 7 8 9 10 11 12

commuting period

flexibility period

Group 7

Group 8

Group 9

Group 10

recommendation
to commute

Legend:

recommendation
not to commute

Figure 7.4: The presented figure provides an example of the solution of the
proposed optimisation model utilizing boolean decision variables to represent
the recommendation mechanism. The horizontal time axis includes commut-
ing and flexibility hours, with the decision variable xghi ,t

values shown for each
group ghi

. In this example, the recommendation is made for each group to
commute during their preferred hour (t = hi).

7.3.1 Developing strategies considering the system perfor-
mances under the influence of community members

The multi objective optimisation problem in Eq. 7.1 allows as a preliminary
step the development of recommendation strategies that are solely focused on
system performances, excluding the human factor (wDIS = 0). So, taking into
account the recommendations for all groups at each hour t, the objective of the
optimisation problem can be rewritten in terms of the expected NEEG:

NEEGexpected
period =

∑
t

|pexpectedPV,t −
∑
ghi

xghi ,t
p
expected,ghi
period |∆t (7.3)

where by the
∑

ghi
xghi ,t

p
estimated,ghi
period element the decisions for all groups

ghi
during the hour t are accounted for.
To properly include the NEEG in the multi-objective optimisation prob-

lem, it is important to normalize to the maximum value of the energy that is

99



either consumed (
∑

i p
expected,ghi
period )) or produced (pexpectedPV,t ) during an hour t.

After normalizing Eq. 7.3, the following equation can be considered:

NEEGexpected,norm
period =

∑
t

∣∣∣∣∣∣
pexpectedPV,t −∑

ghi
xghi ,t

p
expected,ghi
period

max(pexpectedPV,t ,
∑

ghi
p
expected,ghi
period )

∣∣∣∣∣∣ (7.4)

which is the final form of the NEEG as it is used in the optimisation prob-
lem.

7.3.2 Developing strategies considering the member dissat-
isfaction

Based on the preferences of members, a dissatisfaction indicator can be consid-
ered. In a general form that, for a specific hour t, the dissatisfaction indicator
becomes:

DISmorning,t =
∑
hi

|hi − xghi ,t
· t|

DISafternoon,t =
∑
hi

|hi +∆tfav,j − xghi ,t
· t|

(7.5)

If the length of the flexibility period is considered to beT , the dissatisfaction
indicator can be normalised in the following manner:

DISnorm,ghi
morning,t =

∑
hi

|hi − xghi ,t
· t|

T

DISnorm,ghi
afternoon,t =

∑
hi

|hi +∆tfav,j − xghi ,t
· t|

T

(7.6)

Conversely, at community level, for a period:

DISnorm,community
period,t =

∑
t

DISnorm,ghi
period,t (7.7)

Lastly, a constraint is imposed such as each member should commute only
once during the morning and only once during the afternoon. Consequently,
for a group ghi

during a period:∑
t

xghi ,t
= 1 (7.8)
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7.4 Simulation scenarios and results
Several simulation scenarios have been implemented in the same multi-agent
framework proposed for the previous case study. The simulation scenario aims
to reflect both the extreme case described mainly by fully-flexible members fol-
lowing recommendations that aim to maximise solely system performance and
mixed community configures that try to depict realistic scenarios.

The number of community members is estimated from the tickets sales
reported by the subway transportation company (Fig. 7.5, Metrorex, 2017) .

Figure 7.5: Ticket sales ration during 2017

Moreover, it is assumed that commuting passengers utilize either monthly
unlimited tickets or student unlimited tickets. As a result, an average value
can be calculated between the percentage of tickets sold as monthly tickets and
the percentage of tickets sold as student tickets to estimate the percentage of
commuters who use these ticket types. For instance, for a subway station in
Bucharest, Romania, the estimated percentage of commuters who use monthly
or student tickets would be 27%.

Consequently, an energy community of 4000 community members has
been considered, each member having a preferred hour to commute between
7:00 AM and 10:00 AM, with a duration at the office of 8 hours. Thus, the
commuting periods (as depicted in Fig. 7.2) are set around the passenger traffic
peaks (Fig. 5.5) between 7:00 and 10:00 in the morning and 15:00 and 18:00
in the afternoon. The flexibility periods are set between 6:00 and 12:00 in the
morning and 15:00 and 21:00 in the afternoon.

The expected community power pexpectedLoad is developed based on the esti-
mated IPPmorning and IPPafternoon (as described in Chapter 4), for one year in
2017, considering the available passenger data. Consequently, as a preliminary
stage for developing the IPP (with Eq. 5.6), the subway station consumption
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has been estimated for one year using the regression model provided in Annex
B.

The expected PV production pexpectedPV is developed according to the model
presented in Eq. 4.4, with the following parameters: n = 5000 panels, pM =

325Wp and τ = 75%. The weather data used to develop the radiation has been
extracted from https://openweathermap.org for the year 2017 for Bucharest. To
estimate the incident radiation, the solar model developed in the buildingenergy
project Ploix, 2021 was used. To infer maximum production, the PV panels are
directed towards South, with a slope of 60◦.

The community configuration used in every scenario is based on the subway
power peaks shown in Figure 5.4:

• 10% of the community members typically commute at around 07:00 a.m.
(hi = 7)

• 30% of the community members typically commute at around 08:00 a.m.
(hi = 8)

• 40% of the community members typically commute at around 09:00
a.m. (hi = 9)

• 20% of the community members typically commute at around 10:00 a.m.
(hi = 10)

As mentioned before, the preferences of each community member regard-
ing the work schedule might be transmitted to the manager at convenient times
or might be estimated through other techniques (possibly involving observa-
tion periods or other monitoring mechanisms). However, in each case study
presented in this paper, it is assumed that the community manager knows the
preferred hour and preferred working duration of each community member.

The multi-objective optimization problem presented in Equation 7.1 has
been formulated as a Mixed Integer Linear Programming problem. To solve
this problem, the Coin-or-Branch-and-Cut Solver from Python is utilized in
each simulation (M. S. Simoiu, 2023).

The previously defined recommendation strategies have been evaluated in
multiple simulation scenarios, as listed in Table 7.1. Alongside performance
metrics, Table 7.1 also includes a dedicated column for several observations for
each scenario.

In the case study implementation, the primary objective was to investigate
the full potential of the proposed method in achieving maximum environmen-
tal and economical benefits, using fully flexible members and demanding maxi-
mum effort (wNEEG = 1 and wDIS = 0 in the optimization problem defined in
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Table 7.1: Results comparison. Note: exp. refers to the expected case (without
recommendations), while real refers to the behaviour after receiving recommen-
dations.

Scenario Fig NEEGexp. NEEGreal DIScommunity SCexp. SCreal Observations
per day per day

Fully flexible members, 7.8 4467.07 4169.45 0.2 0.11 0.14 - represents the extreme case
M.O. strategy, - the manager adequately chooses

wNEEG = 1, wDIS = 0 the favourable commuting times
so that the consumption fits

the production
- people spend less time in office

since favourable commuting times
appear in the middle of the day

- strong NEEG decrease,
at the price of increased

dissatisfaction
Semi flexible members, - 4467.07 4382.75 0.19 0.11 0.12 - since the members must spend

M.O. strategy, 8 hours at the office,
wNEEG = 1, wDIS = 0 there is an important impact

in the NEEG
- the dissatisfaction is still significant,

since during the summer, the manager
is solely focused on minimising

the NEEG
Mixed members, 7.9 4467.07 4340.61 0.06 0.11 0.12 - adequate NEEG improvement,

MO strategy, but an important decrease
wNEEG = 0.5, wDIS = 0.5 in dissatisfaction

Fully flexible members, 7.6 4467.07 4454.92 0.1 0.11 0.11 - a simple highlight of several
Informative strategy favourable hours may result

in significant consumption peaks
- people tend to choose the
favourable commuting time

that is also in line
with their preferences

Semi flexible members, - 4467.07 4606.4 0.1 0.11 0.09 - in this case, the restrictions of
Informative strategy semi-flexible members significantly

decrease the performances
Mixed members, 7.7 4467.07 4451.02 0.08 0.11 0.11 in a realistic community,

informative strategy the performances are not so significant,
and the dissatisfaction is still noticeable
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Equation 7.1). This objective is equivalent to minimizing solely the NEEG. The
secondary objective was to evaluate a realistic community, comprising of mem-
bers with different flexibility profiles, with 20% having no flexibility, 20% being
fully flexible, and 40% being semi-flexible. Table 7.1 presents the simulation
scenarios for each objective, with emphasis on:

• the economical and environmental benefit, quantified through the
NEEG per day in the business-as-usual variant (NEEGexpected per day)
and the NEEG per day after the recommendation (NEEGreal per day)

• the average community dissatisfaction, quantifying the average dissatis-
faction of all community members over the simulation period.

• the explicit environmental benefit quantified through self-consumption
before and after recommendations.

Figs. 7.8, 7.6, 7.9 and 7.7 depict the actions of representative community
members, as well as the overall collective impact over the energy consumption.
Even though the simulation spans for one year, the behaviour of community
members during 2 weekes will be presented: a week in February (reflecting the
comparison during a low-production month) and a week in June (reflecting
the comparison during a high-production month). For each week, two plots
are implemented:

• a plot with a power profile comparison, where the estimated community
power (the blue dashed line) is compared with the simulated community
power after recommendations (continuous blue line) and the estimated
PV production (red dashed line) during the flexibility periods of each
day (marked with yellow dashed lines).

• a plot with the recommendations (marked with blue arrows) and real ac-
tions (marked with green arrows) for each group defined by the preferred
hour. For example, Group 10 refers to the group having the preferred
hour for commuting at 10:00 A.M. Additionally, if the green arrow is
place immediately under a blue arrow it means that the respective group
has followed the recommendation and thus it has commute at that time.

Another important thing to note is that for Figs. 7.6 and 7.8, where fully
flexible members are involved, only one action-recommendation related plot is
presented. In Figs. 7.7 and 7.9, since there is a mixture of community members
types, an action-recommendation plot is presented for each flexibility category.
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allows people to commute according to their preferences

Figure 7.6: Collective impact of the informative recommendation strategy on a community with fully-flexible community
member, extreme case (M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2023). Note: in the recommendations plot for each month,
there is a plot line corresponding to each group described by a preferred hour (ex: Group 7 is the group of passengers who
prefer to commute at 07:00). One may see three symbols attached to this plot line: a simple vertical line emphasising an hour
in a flexibility period, a blue arrow depicting that it is recommended to commute during that respective hour and a green arrow
indicating the hour when the members from the respective group have commuted to work. The same interpretation can be
applied to Figs. 7.7, 7.8, 7.9. Moreover, simulated refers here to the "real" profile (after recommendations)

.
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Since the recommendation simply highlights favourable 
commuting times, there may still be consumption spikes

During the summer, people may commute according to their 
preferences, while still following the recommendations.

Figure 7.7: Collective impact of the informative recommendation strategy on a community with mixed community members
(Realistic case)(M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2023) 106
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Community power profile comparison between 6 February and 11 February with wNEEG = 1 and wDIS = 0
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Community power profile comparison between 19 June and 24 June with wNEEG = 1 and wDIS = 0
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The manager tries to perfectly 
fit the estimated consumption 
with the estimated production

Even though there is plenty of production 
available, the manager does not take into 
account the dissatisfaction of people

In such extreme, performance-oriented 
case, people should spend little time at the 
office, resulting in increased dissatisfaction

Figure 7.8: Collective impact of the multi-objective recommendation strategy on a community with only fully-flexible members
(Extreme case) (M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2023)
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Community power profile comparison between 6 February and 11 February with wNEEG = 0.5 and wDIS = 0.5
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Community power profile comparison between 19 June and 24 June with wNEEG = 0.5 and wDIS = 0.5
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The strategy takes into 
account the dissatisfaction

Even though the manager provides a 
recommendation, people still behave 
according to their flexibility model

Considering there is plenty of PV production available in the summer, 
the manager focuses on the satisfaction of the members

Figure 7.9: Collective impact of the multi-objective recommendation strategy on a community with mixed community mem-
bers (Realistic case)(M. S. Simoiu, Fagarasan, Ploix, and Calofir, 2023)
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Overall, regarding the informative strategy, one can notice that simply high-
lighting the favorable commuting times may sometimes result in unexpected
consumption peaks. This aspect may pose some problems both logistically
and in energy efficiency for the subway transportation company, people will be
highly dissatisfied with the transportation service if it is too crowded. However,
by providing several commuting times during the summer, the manager would
provide increased freedom for people to choose their commuting time accord-
ing to their preference, thus resulting a decreased collective dissatisfaction.

On another hand, at a first glance, the multi-objective strategy shows us the
extreme case of extreme performances, along with its consequences in terms
of social discontent. However, by addressing both performance and dissatis-
faction in a balanced manner (wNEEG = 0.5, wDIS=0.5), this recommendation
strategy may prove the best solution in a realistic scenario with people having var-
ious working schedule restrictions. Additionally, if one analyses the proposed
simulation scenarios in a 2D objective space described by the average dissatis-
faction and real NEEG (Fig. 7.10), it can also be seen that the balanced strategy
with wNEEG = 0.5, wDIS=0.5 is the closest to the ideal origin point where both
dissatisfaction and NEEG are at an absolute minimum.

Additionally, it can be observed that the environmental benefits highlighted
by self-consumption do not significantly increase, owing to the large PV produc-
tion available. This presents an opportunity to utilize the excess PV production
elsewhere, such as in the energy system of the subway station, thereby increas-
ing self-consumption, or making it available for consumption in a residential
community. Future research can further explore this topic.

7.5 Conclusion and future perspectives
In this chapter, a case study on an energy community is presented, focusing
on three distinctive characteristics in comparison to the study presented in the
previous chapter: the cooperation mechanism between the transportation com-
pany and the community, the nature of recommendations, and the incorpora-
tion of a specific representation of community member dissatisfaction in the
recommendation system.

The main contribution of this work is reflected in the proposed multi-
objective optimization model, which provides tailored recommendations that
take into account both the system’s performance and the satisfaction of the com-
munity members. This approach creates flexibility for the energy system of the
subway station through active participation of the community. Additionally, it
promotes awareness among community members about their energy consump-
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Figure 7.10: Strategy comparison in the objective space described by the NEEG and dissatisfaction
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tion habits and the impact of their actions on the city’s energy demand related
to the transportation sector. Overall, this method encourages more responsible
energy usage in the community.

Another contribution of this work is the modeling of community mem-
bers’ behavior as commuting passengers, based on characteristics such as their
preferred time to commute. By segmenting time periods related to commuting
and flexibility, the potential to form a unique type of energy community that is
united by a common aim of contributing to the municipality emerges, rather
than forming a community solely defined by geography. This novel approach
has the potential to enhance community engagement and promote a sense of
shared responsibility towards the energy system.

An important aspect to note is related to the preferences of community
members. These preferences represent fundamental features upon which com-
munity member profiles may be developed. As it was the case in this chapter,
with the knowledge of fully flexible and semi-flexible members, the community
manager service was able to develop a more precise and effective recommenda-
tions. A future challenge is to develop methods that can infer these profiles and
use specific community behaviour knowledge that is gathered in time.
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Additional information
The work presented in this chapter has been published in:

Simoiu, M. S., Fagarasan, I., Ploix, S., & Calofir, V. (2023). Managing
human involvement in an energy community: Application to a subway station.
Sustainable Cities and Society, 95, 104597. https://doi.org/10.1016/j.scs.2023.
104597

The simulation framework used for the work in this chapter is available here:

Simoiu, M. S. (2023, October). RENO - a multi-agent simulation tool for a
renewable energy community [Language: en]. https://doi.org/10.5281/zenodo.
8424333

The results can be generated with the following Jupyter notebook.
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52 The manager service
accounted for member pref-
erences only to consider
dissatisfaction in the opti-
mization problem, as shown
in the case study of the
community of commuting
passengers.

Chapter 8

Uncovering uncertainty:
providing personalised

recommendations
considering community

member motivation

8.1 The importance of personalised recommen-
dations in energy communities

The case studies presented in the previous chapters showed interesting results in
terms of economical and environmental performances, even in situations where
the focus was placed on minimising member dissatisfaction. However, one
could notice that recommendations were generally characterised by increased
privacy. Specifically, the community manager service provided the same recom-
mendations for all members by focusing mostly52 on the energy-related charac-
teristics of the community.

Moreover, even if the integration of a comfort parameter in developing
strategies might be considered useful in minimising discomfort, choosing a
value might not be easy due to the diversity of household appliances and indi-
vidual household consumption.

Undoubtedly, privacy is of utmost importance, even in energy communities.
While considering the actor-service-system paradigm (Figure 3.2), one can easily
notice the possibility for the service to acquire increased knowledge, to a deep
extent, in order to facilitate the interaction of the actors with the system.
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In the context delineated by the proposed solution of this work, it is in-
tuitively clear that recommendations would carry a more significant impact if
the managerial service had a deeper understanding of the community mem-
bers, their preferences, or motivations. The problem addressed in this chapter
relates to the necessity of providing tailored recommendations to community
members in a way that enhances system performance without causing undue
discomfort.

In the context of an energy community, the challenge is to propose non-
intrusive recommendation strategies that consider additional knowledge about
community members, while relying on minimum knowledge. The subsequent
idea is to potentially develop personalised individual recommendations that
aim to increase the community performances, while taking into account the
particularities and historic involvement of each community member. The po-
tential outcome of such non-intrusive recommendation strategies should re-
sult in an improved service-actor interaction, enhanced system performance,
and increased trust in the service due to its focus on privacy. By prioritizing
privacy considerations in the development of personalized recommendations,
community members are more likely to feel comfortable sharing information
and participating in the community, ultimately leading to better overall results.

8.2 Developing adaptive strategies based on con-
sumption profile analysis

To address this challenge, this work will consider the case of the simple resi-
dential community (previously presented in Chapters 4 and 6), with one com-
munity member who exhibits behaviour towards following recommendations
according to a certain internal model, which is hidden from the community
manager. The problem is that this model is unknown to the manager and might
be characterised deeply by uncertainty and other hidden factors such as pres-
ence at home, availability to follow recommendations, the number of residents
and so on.

One method for learning from the members’ behavior and adapting the
recommendation strategies accordingly, is by comparing their historic initial
consumption profile pestimated

Load with the final consumption profile obtained
after providing recommendations prealLoad. For instance, when providing a rec-
ommendation, the manager can measure the difference afterwards ∆Load =

prealLoad − pestimated
Load and compute an average value associated with that recom-

mendation. Naturally, a learning period is essential at the beginning so that the
manager can properly initialize these average values.
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For instance, the one turn informative strategy (Fig. 6.1) from Chapter 6
can be enhanced in this manner. The result would be an ’adaptive’ strategy that
takes into account both the expected future consumption and production and
the previous average engagement of individuals in response to recommenda-
tions. The term ’adaptive’ emphasises the fact that if the consumption profile
of households changes over time due to an increase in appliances or even be-
havioral shifts resulting from recommendations, an adaptive recommendation
strategy can capture these dynamics and provide a tailored recommendation

The one turn adaptive informative strategy is proposed in Fig. 8.1:
In this case, the manager starts by providing recommendations for 20 days

using the basic version of the informative strategy. This initial learning period
can be tailored to the community’s needs, but it should not be significantly
shortened to avoid inferring biases towards a particular behavior.

During these days, the average change in consumption for each recommen-
dation, denoted by∆rec

Load, is calculated. After this learning period, the manager
determines the recommendation that provides the best expected response when
matching the expected consumption with the production while still account-
ing for the previous impact of ∆rec

Load. Finally, if the required change surpasses
the value of the comfort parameter τ , then the recommendation recbest reflect-
ing the best response is dispatched to the members. However, if the change
is not significant enough, then the members are advised to consume energy as
originally expected.

To evaluate the proposed method, a case study is proposed. The case study
presents a comparison between the classic informative strategy, as it was pro-
posed in Chapter 6 and the new adaptive one turn informative strategy. The
simulation conditions are the same in terms of consumption data, with a PV
plant area that is chosen at A = 50m2.

To better emphasise the collective effect of the previously mentioned strate-
gies, several community configurations are proposed:

• a community composed of ideal community members, who are al-
ways attentive and follow recommendations (similar to the extreme cases
proposed in Chapter 6).

• a community composed of normal community members, having the
following Hidden Markov Model:

Abalanced =

Attentive Inattentive
Attentive 0.5 0.5

Inattentive 0.5 0.5
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Load represents the average change in consumption associated to the
recommendation rec. The formalism used is UML Sequence Diagram.
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Bnormal =

Follow not Follow
Attentive 0.5 0.5

Inattentive 0.5 0.5

• a community composed of attentive and enthusiastic community
members, having the following Hidden Markov Model:

Aattentive =

Attentive Inattentive
Attentive 0.8 0.2

Inattentive 0.8 0.2

Benthusiastic =

Follow not Follow
Attentive 0.8 0.2

Inattentive 0.5 0.5

• a community composed of inattentive and reluctant community
members, having the following Hidden Markov Model:

Ainattentive =

Attentive Inattentive
Attentive 0.8 0.2

Inattentive 0.8 0.2

Breluctant =

Follow not Follow
Attentive 0.8 0.2

Inattentive 0.5 0.5

• a mixed community, with members having the following Hidden
Markov Model:

Ainattentive =

Attentive Inattentive
Attentive a 1− a

Inattentive a 1− a

Breluctant =

Follow not Follow
Attentive α 1− α

Inattentive 0.5 0.5

with a and α chosen randomly.

Simulation scenarios have been executed for a period of almost one year,
with the same conditions as in the case presented in Chapter 6. However, the
comfort parameter τ is chosen 0 to provide a good platform for comparison,
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Table 8.1: Results for a residential community, comparison between basic and
adaptive strategies; est.: estimated, SC: self-consumption, SS: self-sufficiency,
NEEG: Net-Energy-Exchanged-with-the-Grid, RDR: Recommendation De-
viation Rate, CCR: Contribution change Rate

ID Scenario est. SC est. SS real SC real SS NEEG RDR CCR Avg. contrib. per day
1 One turn informative with ideal CMs 0.73 0.28 0.77 0.32 0.86 0.5 0.12 2.8
2 One turn informative with normal CMs 0.73 0.28 0.75 0.3 0.93 0.5 0.12 2.8
3 One turn informative with enthusiastic CMs 0.73 0.28 0.76 0.31 0.9 0.5 0.12 2.8
4 One turn informative with reluctant CMs 0.73 0.28 0.75 0.3 0.94 0.5 0.12 2.8
5 One turn informative with random CMs 0.73 0.28 0.76 0.31 0.91 0.5 0.12 2.8
6 One turn adaptive informative with ideal CMs 0.73 0.28 0.77 0.32 0.86 0.49 0.15 3.56
7 One turn adaptive informative with normal CMs 0.73 0.28 0.75 0.3 0.93 0.49 0.13 3.23
8 One turn adaptive informative with enthusiastic CMs 0.73 0.28 0.77 0.32 0.89 0.49 0.14 3.46
9 One turn adaptive informative with reluctant CMs 0.73 0.28 0.75 0.3 0.94 0.5 0.13 3.19
10 One turn adaptive informative with random CMs 0.73 0.28 0.76 0.31 0.92 0.49 0.14 3.29

53 Est. suggests that the
respective indicator is com-
puted for the date before
recommendations.

54 It is worth noting again
that the Contribution
Change Rate quantifies
how frequently people
are required to modify
their energy consumption.
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with a relatively similar number of required contributions per day across all
scenarios.

The results can be analysed in Table 8.153 and in Fig. 8.2. To provide a more
detailed view on the effect that is provided in the system, a depiction of the
hourly energy profiles of the reluctant community can be analysed in Fig. 8.3.

By analysing the results, it seems that the system performances in the adap-
tive case are generally the same as in the original one, the main differences be-
ing in the Contribution Change Rate54 and the Recommendation Deviation
Rate55.

The performances are somewhat similar because, in the original strategy
case, the recommendation is developed by simply comparing consumption and
production. In contrast, in the adaptive case, the recommendation is also de-
veloped according to the previous responses of the members. Therefore, if the
average consumption change from previous responses is not significant, then
the recommendations will be milder in the overall intensity. Additionally, ex-
cepting the extreme scenario, the average consumption change is expected to
be minimal, as the Hidden Markov Model introduces additional uncertainty
beyond that associated with the consumption change when following recom-
mendations (Eq. 6.5).

On the other hand, given the limited range of recommendations associated
with the informative strategy (only GREEN, RED and WHITE signals), the
performances are favourable relative to the state before giving recommenda-
tions. This is also available in the case where the community is composed exclu-
sively of reluctant inattentive members, which can be regarded as an optimistic
result.
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Figure 8.2: Graphical representation of the results obtained in Table 8.1. The Jupyter notebook used to generate this figure can
be accessed here. Implementation in M. S. Simoiu, 2023

55 It is worth noting
again that the Recom-
mendation Deviation
Rate captures the inten-
sity of recommendations.
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Regarding the Recommendation Deviation Rate, a minor decrease can be
observed, suggesting that more WHITE signals are given during the simulation
(as it can be also noticed in Fig. 8.3). This aspect might be viewed favorably by
individuals who prefer not to make drastic consumption changes. However,
the Contribution Change Rate is increased compared to the traditional one
turn informative strategy, suggesting that the recommendation system oscillates
frequently (possibly hourly) between the spectrum of recommendations. This
might cause discomfort for some people.

Overall, using the adaptive informative strategy can be useful as a more per-
sonalised alternative then simply using a global comfort parameter for the whole
community. Given that households vary in the number of appliances and con-
sumed power, people would likely prefer a more tailored and equitable strategy.
Such a strategy would genuinely account for historic changes in consumption
rather than relying on an arbitrarily set comfort parameter.
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Figure 8.3: Collective impact analysis - adaptive one turn informative strategy for a community with reluctant members, with
τ = 0. The Jupyter notebook used to generate this figure can be accessed here. Implementation in M. S. Simoiu, 2023
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8.3 A personalised, adaptive coaching strategy
Reflecting on the results of Chapter 6, it can be observed that the one turn coach-
ing recommendation strategy might be more preferable for energy communities
given its solid performance and the potential for low dissatisfaction, as recom-
mendations are provided for periods spanning several hours. Considering the
problem of providing tailored recommendations, which is investigated in this
chapter, it would be interesting to explore any potential improvements that
could be made to the coaching strategy that may be associated to the current
vision.

Another method for adapting and personalising recommendation strategies
relies on the knowledge whether a member has followed a recommendation or
not. This aspect can be determined with a local manager for example, a service
that is associated specifically to one household and has a deeper visibility regard-
ing the types of appliances, possible occupancy data or other knowledge that is
relatively private and cannot be accessed by a central community manager.

By correctly approximating a sequence of observations O =

{Follow, not Follow, Follow, ...} of length n , reflecting whether the member
has followed or not followed the recommendation, a Recommendation
Acceptance Ratio (RAR) can be defined as:

RAR =
efollowed

n
(8.1)

where efollowed represents the number of events when the member has fol-
lowed the recommendation. For long data-sets, this metric is equivalent to the
probability to follow the recommendation Pj(Y ) of a member j.

With this information, the central manager service can provide a person-
alised recommendation to each member considering both the probability to
follow a recommendation and the past changes in consumption associated to
each recommendation, with minimum knowledge regarding personal details of
the respective household. Consequently, the adaptive one turn coaching strategy
can be further proposed.

The adaptive one turn coaching strategy represents a variant of the coaching
strategy proposed in Chapter 6. This strategy involves providing recommen-
dations to community members once per period, with each day being divided
into several intervals based on the intensity of the PV production. However,
given the fact that one recommendation per member is given for a period of sev-
eral hours, this coaching strategy focuses on solving an optimization problem
for each subsequent period, aiming to minimize the Net-Energy-Exchanged-
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with-the-Grid for that period by considering past information related to each
member.

So, the objective is to find a recommendation for each member j so that
the overall community NEEG is minimised. The fundamental principle is that
at each hour t, there is an absolute error between the expected consumption
and the expected production. As the production cannot be modified, the ex-
pected consumption is the only measure that can be adapted considering the
given recommendation and additional knowledge associated to each commu-
nity member. Thus, the objective of the optimisation problem for one period
can be intuitively written as follows:

min
xWHITE
j , xGREEN

j , xRED
j ,

xSTRONG GREEN
j , xSTRONG RED

j

N∑
t=1

|
∑
j

pexpectedLoad,t,j − pexpectedPV,t | (8.2)

where t represents the hour, N represents the number of hours in the pe-
riod, pexpectedLoad,t,j represents the expected load for each member j during the hour t,
pexpectedPV,t represents the expected PV power generated for the whole community
at hour t. Additionally, xWHITE

j , xGREEN
j , xRED

j , xSTRONG GREEN
j , xSTRONG RED

j

represent binary decision variables for each possible recommendation. Further-
more, a set of decision variables is associated for each member j, as each mem-
ber receives a personalised recommendation. For example, if the personalised
recommendation for any member j during the morning period is to strongly
decrease consumption, then the solution would be xSTRONG RED

j = 1, and all
other decision variables for the member j would be set to 0.

Starting from this objective, the aim now is to model the expected consump-
tion considering the probability to follow recommendations and the average
pas consumption change associated to each recommendation ∆rec

Load.
So, by substituting pexpectedLoad in Eq. 8.2 with the estimated power profile of

each member, the optimisation problem to determine the personalised recom-
mendations for a specific time period can be defined according to Eq. 8.3.
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min
xWHITE
j , xGREEN

j , xRED
j ,

xSTRONG GREEN
j , xSTRONG RED

j

∑N
t=1 |

∑
j p

estimated
Load,t,j

{
xWHITE
j︸ ︷︷ ︸

same consumption

+

xSTRONG GREEN
j

[
Pj(Y ) ·∆STRONG GREEN

Load + Pj(N) ·∆WHITE
Load

]
︸ ︷︷ ︸

strongly increase consumption

+

xSTRONG RED
j

[
Pj(Y ) ·∆STRONG RED

Load + Pj(N) ·∆WHITE
Load

]
︸ ︷︷ ︸

strongly decrease consumption

+

xGREEN
j

[
Pj(Y ) ·∆GREEN

Load + Pj(N) ·∆WHITE
Load

]
︸ ︷︷ ︸

moderately increase consumption

+

xRED
j

[
Pj(Y ) ·∆RED

Load + Pj(N) ·∆WHITE
Load

]
︸ ︷︷ ︸

moderately decrease consumption

}
−

pexpectedPV,t |
subject to: xWHITE

j + xSTRONG GREEN
j + xSTRONG RED

j + xGREEN
j +

+xRED
j = 1

xWHITE
j , xSTRONG GREEN

j , xSTRONG RED
j , xGREEN

j ,

, xRED
j ,

x−Θ0,mod ∈ {0, 1}
(8.3)

As depicted by the second constraint, it is important to reiterate that the
decision variables represent binary values reflecting the recommended actions
for a specific member j during an hour t. With periods, the same recommenda-
tion is given for all the hours within the respective period. Additionally, each
member should receive only one recommendation. To model these aspects, the
first constraint imposed on the optimization problem (Eq. 8.3).

The simulation scenarios have been devised in the same manner as those
proposed for the informative strategies in the previous section, as the goal is
to compare the adaptive coaching strategy with the initial coaching strategy
across various community configurations. Similarly, the comfort parameter τ
is omitted in this case since the aim is to compare strategies that issue the same
relative number of recommendations per day.

Referring to the 20 days associated to the initial learning period, the one
turn coaching strategy is employed. After these 20 days, the manager proceeds
to compute personalised recommendations.

Results reflecting the comparison between strategies can be analysed in Ta-
ble 8.2 and Fig. 8.4.

By analysing the results, both strategies provide an increase in system per-
formances (self-consumption, self-sufficiency) comparing to the case without
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Table 8.2: Results for a residential community, comparison between basic and
adaptive strategies; est.: estimated, SC: self-consumption, SS: self-sufficiency,
NEEG: Net-Energy-Exchanged-with-the-Grid, RDR: Recommendation De-
viation Rate, CCR: Contribution change Rate

ID Scenario est. SC est. SS real SC real SS NEEG RDR CCR Avg. contrib. per day
1 One turn coaching with ideal CMs 0.49 0.38 0.53 0.42 0.92 0.5 0.1 2.44
2 One turn coaching with normal CMs 0.49 0.38 0.51 0.4 0.96 0.5 0.1 2.44
3 One turn coaching with enthusiastic CMs 0.49 0.38 0.52 0.41 0.94 0.5 0.1 2.44
4 One turn coaching with reluctant CMs 0.49 0.38 0.51 0.4 0.97 0.5 0.1 2.44
5 One turn coaching with random CMs 0.49 0.38 0.51 0.4 0.96 0.5 0.1 2.44
6 One turn adaptive coaching with ideal CMs 0.49 0.38 0.52 0.41 0.94 0.45 0.14 3.26
7 One turn adaptive coaching with normal CMs 0.49 0.38 0.51 0.4 0.96 0.49 0.1 2.39
8 One turn adaptive coaching with enthusiastic CMs 0.49 0.38 0.52 0.4 0.96 0.48 0.11 2.69
9 One turn adaptive coaching with reluctant CMs 0.49 0.38 0.51 0.4 0.97 0.49 0.1 2.42
10 One turn adaptive coaching with random CMs 0.49 0.38 0.51 0.4 0.96 0.48 0.11 2.62
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Figure 8.4: Graphical representation of the results obtained in Table 8.2. The Jupyter notebook used to generate this figure
can be accessed here. Implementation in M. S. Simoiu, 2023
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the recommendation system, across all scenarios. Similar to the informative
strategy, the adaptive mechanism yields a decrease in the Recommendation De-
viation Rate, as well as an increase in the Contribution Change Rate. In this
case, however, given the fact that the recommendations are given for periods,
the contribution change rate does not have a significant effect on the members.
This conclusion is supported also by the average contributions per day, which
remains around the same level as the initial coaching strategy.

As a simple example, results at day level can be analysed in Fig. 8.5 for a
community of enthusiastic members.
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Figure 8.5: Collective impact analysis - adaptive one turn coaching strategy for a community with enthusiastic members, with
τ = 0. The Jupyter notebook used to generate this figure can be accessed here. Implementation in M. S. Simoiu, 2023

At day level, it can be noticed that recommendations are grouped and as-
sociated to periods, as it is expected for the coaching strategy, However, the
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manager’s demand for intensity is moderate, as the majority of recommenda-
tions are either GREEN or RED instead of STRONG GREEN or STRONG
RED. This is because the manager adjusts the expected load with both the the
probability of the member to follow recommendations and the previous average
impact associated to each recommendation.

Overall, comparing to the classic variant of the one turn coaching strategy,
the adaptive coaching strategy represents an even softer variant in terms of sys-
tem performances. If the community members desire increased performance or
recommendations that require more involvement, then other recommendation
strategies such as the two turn informative strategy might be more suitable.

8.4 Conclusion
In this chapter, a novel strategy was proposed for providing personalized rec-
ommendations to energy communities, taking into account the motivational
profile of each community member. In conjunction with this approach, an
additional method is described to develop recommendations based on historic
impact, in a non-intrusive manner.

The first contribution of this chapter is the adaptation of recommenda-
tion strategies, considering the historical average change in the consumption
of community members. This proposed adaptation involves selecting the best
recommendation that minimizes the net energy exchanged with the grid for
the targeted period, taking into account the previous average change in con-
sumption associated with each recommendation. In this way, the manager can
provide recommendations that are more tailored to community members, re-
quiring a reasonable level of involvement from them, rather than issuing strong
recommendations that may lead to discomfort. Additionally, this method repre-
sents a potentially useful alternative to the arbitrary chosen comfort parameter
that was introduced in Chapter 6.

A second contribution relates to the previously proposed optimal coaching
strategy, a method based on a stochastic Mixed Integer Linear Programming
optimization problem. This strategy minimizes the net-energy-exchanged-with-
the-grid for specific periods during the day, taking into account the motivation
profile of each member and an expected change in consumption, thereby ad-
dressing the uncertainty in human behavior.

In contrast to other works employing optimization models (Bartolini et
al., 2020; Rafique et al., 2018; Tomin et al., 2022for direct system control in a
conventional manner or techno-economic analysis during the design stage, the
proposed solution involves using an optimization model at the operational stage.
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This approach continuously accounts for the uncertainty arising from human
behavior, focusing on fostering sustainable energy consumption behaviors.

Regarding performance, the recommendation strategy yields improved re-
sults comparing to the initial scenario involving the already proposed coaching
strategy (see Chapter 6), as the community manager service leverages the knowl-
edge gained from previous changes in consumption to provide more accurate
recommendations.

Two limitations have been identified in this study, which can be addressed
in future research. Firstly, the adaptive coaching strategy is based on the assump-
tion that there is a local community manager associated with each household
who can provide a good estimation of the observation sequence related to that
member. There are several potential methods for implementing this manager,
including estimation using machine learning techniques, employing occupancy
models, or even requiring people to provide input into the system about their
perception of whether the recommendation was followed or not. Secondly, the
other limitation refers to the evolutionary aspect of human behavior, which
is not taken into account in both adaptive strategies. The idea is that if a reg-
ular member becomes more enthusiastic over time, then the historical impact
of following recommendations would also change positively, requiring greater
involvement in recommendations. This aspect might pose a problem when
focusing on the other end of the spectrum, where reluctant members who be-
come even more reluctant could potentially influence the recommendation
system into providing inadequate recommendations. Therefore, balancing and
considering the evolutionary behavior of individuals represents an intriguing
challenge for future research.

Finally, a recommendation system can provide excellent recommendations
if it has access to abundant data. However, if acquiring this data raises privacy
concerns, then obtaining knowledge and offering precise recommendations be-
comes challenging. By analysing the changes in consumption, the uncertainty
inferred from the consumption behavior of typical residential users can be signif-
icantly reduced, enabling the management service to become more competent
and, consequently, assist community members more efficiently.
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Additional information
A variant of the adaptive coaching strategy has been described in the following
work:

Simoiu, M. S., Fagarasan, I., Ploix, S., & Calofir, V. (2022). Modeling
the energy community members’ willingness to change their behaviour with
multi-agent systems: A stochastic approach. Renewable Energy, 194, 1233–1246.
https://doi.org/10.1016/j.renene.2022.06.004

Another recommendation strategy variant, based on an optimisation
method, has been proposed in the following work, with focus on analysing the
extreme case composed exclusively of ideal agents:

Simoiu, M. S., Fagarasan, I., Ploix, S., Calofir, V., & Iliescu, S. S. (2022).
Towards Energy Communities: A Multi-Agent Case Study. 2022 IEEE
International Conference on Automation, Quality and Testing, Robotics
(AQTR), 1–6. https://doi.org/10.1109/AQTR55203.2022.9802060

The simulation framework used for the work in this chapter is available here:

Simoiu, M. S. (2023, October). RENO - a multi-agent simulation tool for a
renewable energy community [Language: en]. https://doi.org/10.5281/zenodo.
8424333
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Chapter 9

Conclusion and future
research perspectives

This study explores the effective control of energy systems, taking into account
the active involvement and profound impact on system performances of hu-
mans, characterised by personal preferences, dissatisfaction and motivation.
One of the roles of this work is to propose a change of paradigm from tradi-
tional control approaches, highlighting the critical role of people in shaping
energy system performance. Thus, thorough consideration of humans is essen-
tial when designing and developing the operational management of the future
energy systems.

9.1 Contributions
In Chapter 3, a first contribution of the work is the proposal of the human-actor-
service paradigm, a depiction of the main paradigm in which the novel energy
systems may be designed. The central element is the service, a computational
component that interacts with both human actors and the system, based on its
own representation of both entities. Likewise, human actors engage with the
service, exerting an influence on the physical system. The work focuses on the
cooperation between people and the service, depicting the manner in which
this interaction influences this cooperation may influence the performances of
the system.

Starting from this paradigm and the associated problem statement, the rest
of the work focuses on energy communities, an energy system with humans,
based on a novel European concept on how energy sharing mechanisms may
be implemented to increase sustainability in urban environments. To this as-
pect, another contribution proposed in Chapter 3 in the form of a general set
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of requirements that must be fulfilled when modeling energy communities ac-
cording to the human-actors-service paradigm.

As a building platform for developing control solutions for such system,
Chapter 4 further proposes a general framework comprising a general interac-
tion model, the most relevant measures to quantify the actor’s impact in the
system and the general set of indicators for evaluating system performances. As
a complementary contribution, a Python implementation of this framework
has been developed and is further available as an open-source software.

Given the flexibility and potential applications offered by the concept of
energy communities, Chapter 5 provides several technical models for two dis-
tinct energy communities: a typical residential community and a community of
individuals who commute using subway transportation and wish to contribute
towards more sustainable modes of transportation. The chapter emphasizes
that, despite their differences from various perspectives technical and philosoph-
ical aspects, both communities can be linked to the human-service-paradigm.

For these energy communities, the following chapters explores several con-
trol solutions aligned with the previously mentioned framework. Among these,
in each case an important contribution refers to a recommendation system,
an embodiment of the service that facilitates the interaction between humans
and the system. This study emphasizes the importance of recommendations
as small goals proposed to community members. Through various proposed
recommendation strategies, it demonstrates how these goals can be utilized
to either enhance system performances from a collective perspective or foster
long-term sustainable behaviors by considering member preferences, effort, or
personal constraints. However, the key aspect of this contribution lies in its
distinctiveness compared to existing state-of-the-art works, as well as in show-
casing the main difference between traditional control and control in energy
systems involving humans. This key aspect suggests that control should not
be exerted directly on the system but rather indirectly, allowing individuals to
decide how to interact with the system. In the energy community context, such
an organisation should be the one to define the collective objectives and then
to further use the service as an instrument to achieve a collaborative form of
control that influences the performances of the energy system.

Another contribution refers to the conceptualization and further practical
implementation of a multi-agent system, a software instrument (M. S. Simoiu,
2023) that depicts a concrete representation of the interaction between the com-
munity members and the service. Furthermore, compared to other research
works, the proposed distributed model enables an interdependent depiction
of each community member, complete with their individual behavior model,
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encompassing preferences, personal motivation, restrictions, and willingness to
follow recommendations. This simulation framework also allows the develop-
ment of various simulation scenarios and collective evaluations, thus showing
the concrete impact of the previously mentioned recommendation strategies.

Finally, for each community, another contribution involves proposing mod-
els that depict the dynamic human behavior in energy communities, behaviour
which appears to be deeply characterized by uncertainty from an external per-
spective. These proposed models describe behaviors in communities with lim-
ited interaction between humans and the system (e.g., the community near a
subway station) and in communities with diverse activities that cannot be fully
recognized due to privacy concerns (e.g., the residential community case study).
The models are developed to ensure sufficient knowledge exists for the service to
provide precise and appropriate recommendations in situations that both aim
to increase the system performances or other situations where human comfort
is rather important.

9.2 A novel theoretical perspective
In retrospective, human-centered systems represent cooperative solutions involving
technical systems, services and humans influencing the system. These systems take
into account the satisfaction of people when improving performances.

9.2.1 Fundamental features of human-centered systems
Delving into the proposed theory, several key concepts can be emphasised.

The notion of cooperation evolves around the idea that people are part of
the overall process of improving performances, as their knowledge is comple-
mented by the knowledge of the service in daily activities. This could be no-
ticed in the establishment of the main rule of this work’s contribution, in which
people have the final decision in whether to follow or not to follow the recom-
mendations. As people set the overall objectives of the cooperation and the pri-
mary performances that need improvement, they are the ones making decisions,
whether at a high or low level. The role of the service becomes most prominent
when it transforms the collective, low-resolution objectives set by people, such
as achieving environmental and economic benefits, into high-resolution goals
expressed as recommendations.

In contrast with solutions developed until now, human-centered systems
should deeply consider human satisfaction. By focusing on this aspect, coop-
eration between services and actors evolve in time as people develop a certain
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trust in the services. Alongside this, the human capacity for engagement and
their perception should always be seen as ways to enhance the effectiveness of
services in the cooperative relationship. For instance, by offering recommenda-
tions as color codes or commute time intervals, individuals could receive specific,
comprehensible advice to influence an otherwise complex energy system.

The importance of learning as a fundamental feature of human-centred
systems is a underlying aspect that is emphasised by both the concepts of co-
operation and human satisfaction. Firstly, this is important since it is relatively
difficult to establish prior realistic models for the manager’s perception on the
actors without sufficient knowledge or carefully placed assumptions. Secondly,
as the behaviour of individuals, the knowledge and their perception evolves in
time, the services must permanently adapt and either learn from the influence
of the actors in the systems, as was considered by the case-study involving adap-
tive recommendation strategies, or learn from the potential preferences of the
actors, as it was the case with comprehending the work schedule of commuting
passengers. Moreover, while this overall image deeply affects the performances
of the system, privacy should always be considered as a necessary, fundamental
right of the actors and thus the learning mechanism must be designed according
to proper boundaries.

9.2.2 Comparison to classic control theory
In comparison to classic control theory, the theory of influencing human-
centered systems depicts several distinct aspects.

From an overall standpoint, traditional control systems typically rely on a
purely technical segregation of subsystems, signals, and subsequent dynamic
relationships. This allows for a direct "divide and conquer" method of deriving
a solution. In contrast to this approach, influencing human-centered systems
depends largely on emergence and continuous performance adaptation, which
are direct results of complex human behavior.

Additionally, in a purely technical system, knowledge is limited to the con-
trolled process, while in human centered systems knowledge about the process
could be considered as infinite in terms of the social dimension, culture or er-
gonomy.

In terms of the control signal, recommendations do not offer a deterministic
effect and their effectiveness depends on the perception of the human actors on
the service and overall cooperation mechanism.

When evaluating performances, the deterministic nature of some technical
systems allows control to be employed and evaluated for very short time periods.
However, due to the emergent nature, the performance of human-centered sys-
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tems must be evaluated exclusively over a long-term period to genuinely capture
the impact of the human-service cooperation and account for the complexity
of human behaviour and its seemingly stochastic influence on the system.

What could be an interesting similarity between the two paradigms is related
the desire for the ideal (or at least, the better). Fundamentally, control systems
aim to guide towards a reference deemed ideal. Humans have shaped this theory
in their own image, as we tend to meticulously organize our lives in pursuit of a
state that is better, closer to the ideal. Consequently, human-centered systems
should follow the same pattern, as a human-machine cooperation paradigm
would represent the next step in the human quest for improving life in a sus-
tainable manner. The potential of such cooperation would allow individuals to
use services more efficiently in managing the complexity of the technical world.

9.3 Future research direction
Future research should focus on four primary directions. The first direction
concerns enhancing the service’s understanding of human behavior. This as-
pect originates from 8, where it is assumed that the manager knows whether
members have followed the recommendations or not. Consequently, future
research may explore models of a local service tailored to each community mem-
ber. Such a local service could potentially gather enough information to enable
the central community service to offer improved recommendations, while still
preserving the privacy of individual members.

The second direction arises from the assumption in Chapters 6 and 8 that
the expected consumption levels accurately represent the true energy needs of
the community. In reality, this may not be the case, as human behavior evolves
and energy needs change. Therefore, this direction will investigate methods that
might rely on observation days when members do not receive recommendations
and their behavior is simply monitored.

The third direction will focus on investigating the social dimension inferred
by the cooperative mechanisms between members. This will firstly refer to vali-
dation scenarios that will involve a member trying to distinguish between reality
and simulation scenarios and secondly by investigating the decision making pro-
cess of each community member through a game theory approach. From this
approach, new perspectives may emerge on, for example, how economical re-
wards are split between community members so that motivation is increased.

The fourth and final research direction will concentrate on modeling the
dynamic changes in community members’ behavior over time. This direction
presents a challenge, as it is expected that factors such as the indirect influence of
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coaching strategies have a quantifiable effect on the motivation and availability
of community members. Specifically, it would be intriguing to examine how a
reluctant community member might transition to a normal or even enthusiastic
state, as well as the timeframe and circumstances under which such changes
occur.

Nevertheless, cooperation between human and energy systems constitutes
a vast research domain with much left to explore. The potential for adapting
and developing new control techniques is seemingly limitless in an era where
humans ought to capitalize on available technology to enhance their decision-
making processes concerning environmental resources.
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Appendix A

Equivalency between
maximising

self-consumption and
self-sufficiency and

minimising the
net-energy-exchanged-

with-the-grid

The objective is to show that maximising SC and SS is equivalent to minimising
NEEG.

As a prerequisite, average hourly consumption pLoad and production pProd

profiles are considered for a time interval T , with each hourly value indexed by
k.

Consequently, self-consumption and self-sufficiency are defined by Eq. A.1
and A.2 respectively.

SC =

∑T
k min (pProd,k, pLoad,k)∑T

k pProd,k

(A.1)

SS =

∑T
k min (pProd,k, pLoad,k)∑T

k pLoad,k
(A.2)

The net-energy-exchanged-with-the-grid is defined by Eq. A.3
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NEEG =
T∑
k

|pProd,k − pLoad,k| (A.3)

For the demonstration NEEG (Eq. A.3) is considered as a starting point.
One can split this sum according to two sets of indexes: i ∈ X and j ∈ Y :

T∑
i

|pProd,i − pLoad,i| =
X∑
i

(pProd,i − pLoad,i) +
Y∑
j

(pLoad,j − pProd,j)

(A.4)
where X and Y are sets where the following rules apply:

pProd,i ≥ pLoad,i , i ∈ X

pLoad,j > pProd,j , j ∈ Y

(A.5)

Specifically, X represents the set of time indexes associated to the periods
where production is bigger then the consumption, while Y represents the set
of time indexes associated to the periods where consumption is bigger then
production.

If pProd,i > pLoad,i, then min(pProd,i, pLoad,i) = pLoad,i. In a similar way,
if pLoad,i > pProd,i, then min(pProd,i, pLoad,i) = pProd,i.

So, considering this, one can rewrite Eq.A.4 as:

T∑
i

|pProd,i − pLoad,i| =
X∑
i

[pProd,i −min(pProd,i, pLoad,i)] +

Y∑
j

[pLoad,j −min(pProd,j, pLoad,j)]

One can go even further:

T∑
i

|pProd,i − pLoad,i| =
X∑
i

pProd,i −
X∑
i

min(pProd,i, pLoad,i)+

Y∑
j

pLoad,j −
Y∑
j

min(pProd,j, pLoad,j)
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and then:

T∑
i

|pProd,i − pLoad,i| =
X∑
i

pProd,i

[
1−

∑X
i min(pProd,i, pLoad,i)∑X

i pProd,i

]
+

Y∑
j

pLoad,j

[
1−

∑Y
j min(pProd,j, pLoad,j)∑Y

j pLoad,j

]

which becomes, if one considers the initial notations defined in Eq.A.1 and
Eq. A.2:

T∑
i

|pProd,i − pLoad,i| =
X∑
i

pProd,i [1− SCX ] +
Y∑
j

pLoad,j [1− SSY ]

(A.6)
Note: In Ec. A.6, SCX is the self-consumption considered for indexes

i ∈ X , so over the interval X . The idea is to consider SC over the whole
time interval T , so this implies one also needs to consider SCY (which is
self consumption computed overY ). The same can be said about SSX and SSY .

But, for example, if one considers SCY :∑Y
j pPV,j [1− SCY ]

pLoad,j > pProd,j , j ∈ Y

min(pProd,j, pLoad,j) = pProd,j (A.7)

So

Y∑
j

pProd,j

[
1−

∑Y
j min(pProd,j, pLoad,j)∑Y

j pProd,j

]
=

Y∑
j

pProd,j

[
1−

∑Y
j pProd,j∑Y
j pProd,j

]
= 0

(A.8)
The same applies for the situation involving SSX and SSY .

So, returning to Ec. A.6, if SC and SS have maximum values (equal to 1),
only then NEEG reaches its minimum value 0. This means that if the objective
is to maximise SC and SS, one can instead minimise NEEG.
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Appendix B

Subway consumption
estimation model

The subway consumption is estimated for 1 year based on the passenger traffic.
A linear regression model is used to do this:

0 25 50 75 100 125 150 175

Hours

400

600

800

1000

1200

S
u

b
w

ay
st

at
io

n
to

ta
l

ac
ti

ve
p

ow
er

p
ro

fi
le

R2 score: 0.76

Measured Subway station total active power profile

Predicted Subway station total active power profile

0 2000 4000 6000 8000 10000 12000 14000

Passenger traffic

400

600

800

1000

1200

S
u

b
w

ay
st

at
io

n
to

ta
l

a
ct

iv
e

p
ow

er
p

ro
fi

le

Subway station total active power profile vs. Passenger traffic

500 600 700 800 900 1000 1100 1200

Predicted

−200

−100

0

100

200

300

400

R
es

id
u

al
s

Residuals plot

Figure B.1: Regression analysis for a linear regression model that estimates the
subway consumption based on the passenger traffic

The model used is defined by Eq.

ŷ = 0.05x+ 446.61 (B.1)
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