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Abstract—Energy markets have undergone important changes
at the conceptual level over the last years. Decentralized supply,
small-scale production and smart grid optimization and control
are the new building blocks. These changes offer substantial
opportunities for all energy market stakeholders, some of which
however, remain largely unexploited. Small-scale consumers as
a whole account for significant amount of energy in current
markets (up to 40%); as individuals though their consumption
is trivial, and their market power practically non-existent. Thus,
it is necessary to assist small-scale energy market stakeholders
combine their market power. Within the context of this work
we propose Consumer Social Networks (CSNs) as a means for
achieve the objective. We present a simulation environment for
the creation of CSNs and provide a proof of concept on how CSNs
can be formulated based on various criteria. Each cluster in a
CSN may be treated as a nontrivial stakeholder with specific
characteristics that can actively affect energy market pricing
policies. We also show provide an indication on how demand
response programs designed based on targeted incentives may
lead to energy peak reductions.

I.

I NTRODUCTION

The necessity for sustainability has transformed the traditional power production scheme to a distributed energy
resource one. Energy policies defined around the globe dictate
rapid transition to an decentralized energy scenery, where
small-scale production sites based on renewable energy sources
and efficient production systems like mini and micro co- and
tri-generators are fully integrated in the wider electricity network. In parallel, the deregulation of energy markets has generated great business potential for energy-related companies
(ESCOs - energy supplier companies, Small-scale producers,
energy brokers, etc), along however with a number of both
technical and policy challenges.
In addition, the Smart Grid paradigm is here to stay.
The great advancements in ICT have boosted R&D activities
aiming to automate the monitoring and control of power grids,
enhance their management, offer alternatives to individual
electricity consumers, and achieve large scale energy savings.
The Smart Grids are extensively researched at academic and
commercial level; however, what is even more important, is

that they have found their way into international strategic
planning directives [1].
All these changes offer substantial opportunities for all
energy market stakeholders which, however, remain largely
unexploited. On the one hand, the small-scale consumers comprising the vast majority of the energy market stakeholders are
individually insignificant, and their market power is practically
non-existent. On the other hand, there is currently a lack of
tools for the modeling of the energy market with respect to
the complexity introduced by the aforementioned changes. As
a result, even the significant market stakeholders are often
reluctant to implement novel techniques based on the new
opportunities offered, since they are unable to model and
predict the prospective gains. The necessity rises, thus, for the
development of dynamic small-scale consumer models, which
could be used in order to help all involved energy market
stakeholders understand consumers’ market power, assess the
impact and possible consequences of certain policies applied
to them, and identify potential profits/gains.
The concept of Consumer Social Networks (CSNs) comprises the basis of the solution proposed in this work. A
consumer corresponds to a, macroscopically, insignificant consumption with a rather limited margin for demand control.
Obviously, the market power of such a customer is also
limited, and the respective incentives offered to him/her may
be insignificant for him/her to act. It is only on the aggregate
consumption of a group of consumers that power peaks in
demand and energy consumption become important. Therefore,
the concept of CSNs is expected to increase the consumers’
market power, and thus their motivation to optimize their
aggregate consumption by controlling their demand.
CSNs may be initiated in various ways and by various
stakeholders, in order to support the above scenario:
1)
2)

By the small-scale customers themselves, for
strengthening their market power and increasing their
bargaining options.
By ESCOs, as means for performing customer segmentation and for providing different incentives to
each identified consumer group, according to their

3)

profile.
Through a custom, energy related social network
or through an application inside an existing social
network for energy savings through gamification
mechanisms, enabling competition among members
(badges, campaigns, rankings etc.).

In order to support the CSN concept and its applicability,
we designed and developed an agent-based simulation model
with social characteristics. Work presented extends EnergyCity [2] and focuses on the social networking aspect of the
consumer groupings.
In the remainder of this paper, Section II discusses stateof-the-art approaches on CSNs and Demand Side Management (DSM) techniques. Section III presents the modeling
methodology adopted, while Section IV discusses results on
the various experiments conducted. Finally, Section V summarizes work performed, comments on future research steps
and concludes the paper.
II.

BACKGROUND AND R ELATED W ORK

During the last years, social networks have been in the center of attention for various research communities. Numerous
methodologies, such as social network analysis, graph analysis,
statistical models, multilabel classifiers and collaborative systems have been proposed, that either combine information from
multiple social resources or analyze specific aspects of the
formed networks. These methodologies are based on resource
attributes and have been applied in different fields, but their
use in energy markets remains limited, despite the fact that
they could have an important influence for their operation.
A recent study from research firm Gartner1 has revealed
that a majority of today’s consumers rely to some extent on
social networks to help guide them in purchase decisions.
Despite this fact, social networks such as Facebook, Twitter,
and others, while critical, are currently an underutilized aspect
to the marketing process, the report says. According to the
report, not everyone using social networks is worth targeting
equally. Instead, there are three types of online personalities
that make up just 20% of the consumer population, but are
the key influencers in the purchasing activities of 74% of
the population. Gartner calls them Salesmen, Connectors and
Mavens; and these are the three key influencer roles in today’s
social networks, just as they are offline.
Consumer social networks have also been leveraged for
motivating people into reducing CO2 emissions as well.
Mankoff et al. [3] proposed to explore the use of social networking websites in supporting individual reduction
in personal energy consumption. They integrated feedback
on ecological footprint data into existing social networking
and Internet portal sites which allowed frequent feedback
on performance, while enabling the exploration motivational
schemes that leverage group membership. Different motivational schemes are compared in three ways: a) reduction in
CO2 emission, b) lifestyle changes, and c) ongoing use by
users who join the site (retention).
1 http://www.gartner.com/DisplayDocument?id=1381514

In the beginning of 2012, the Which? campaigning charity2 started the “Big Switch” initiative, a completely new way
to buy - and save money on - people’s energy. So, using
the power of thousands of consumers, Which? planned to
negotiate with energy suppliers in the UK and seek to secure a
market-leading energy deal and help people make the switch.
Which? had more than 50.000 people sign up to the “Big
Switch” within the first 48 hours and more than 250.000 more
since.
Regarding demand side management, the available literature regarding CSNs is limited, and mainly focused in the
field of telecommunication networks. This is mainly based
on the fact that the cell phones use explosion took place
during the 00’s, while the existence of different consumption
programs/tariffs is still limited in the energy market. Following
the social network literature, Shi [4] described the structure of
a CSN with two key characteristics: a) strength of a tie, and b)
relational density of a personal network. Shi’s study provided
many useful guidelines for the design of optimal price plans.
In another work, Birke et al. [5] estimated the importance of
tariff-mediated network effects in the use of mobile telephones
and the impact of the structure of social networks on consumer
choice.
Taking into account existing endeavors, CSNs present an
interesting field that can greatly influence energy markets.
Nevertheless, to the best of our knowledge, there is no other
work that focuses on how consumer social networks are created
according to various consumer characteristics.
III.

M ODELING M ETHODOLOGY

The core modeled entity in the developed agent-based
simulation model is the Consumer Agent (CA) - residential,
commercial or industrial - which efficiently controls its own
power consumption under a personal utility model choosing
whether certain consumption can be avoided or postponed
given appropriate incentives. In order to enhance the aggregate
effects and the rewards given for helping ameliorating system
emergencies, the CA can selectively join coalitions, in our case
Consumer Social Networks (CSNs).
When CAs decide to group (let us assume a percentage of
the total population), they have to decide on the best “match”.
To do so, they make a list of all candidates and evaluate them
with respect to their own preferences, under specific similarity
(or dissimilarity) criteria.
Each CA has a number of modeling properties that are used
in the “matchmaking” process. These are:
1)

Consumer Type (Ct): An electricity consumption related property, which, in our case, denotes the load
curve footprint of a CA on an average day (Figure 1)
per quarter of the hour (96 values in total). Thirty different types of footprints as the one in Figure 1 were
designed based on real measurement statistics. These
footprints depict eight different types of residential
equivalent consumer agents:
• A bachelor
• An elderly person

2 http://www.which.co.uk/

2)

3)

4)
5)

6)

7)

• An elderly couple
• Two students
• A couple
• Two working persons
• A couple with a baby
• A family with four members
From the typical load curve extracted, for each CA,
noise is added in the form of a Gaussian white noise
with σ = 100 KWs.
Trust (Tr): Denotes the degree of whether a user can
be trusted or whether we don’t have sufficient data.
Values are chosen uniformly randomly between 0 for
trustful and 1 for don’t know.
Environmental awareness (Ea): Describes the degree
of environmental awareness of the CA. The value is
sampled uniformly between 1 and 4, with 4 being
more environmentally aware.
Savings (Sv): Describes the savings policy of the CA.
The value is sampled uniformly between 1 and 4, with
4 having a stricter budget policy.
Influence (If): Describes the influence the user has to
other users. In terms of social media similar examples
could be the number of followers in Twitter, the Klout
score 3 , the number of friends in Facebook or RSS
subscribers. The value is sampled from a Poisson
distribution with λ = 4.
Prosperity (Pt): The degree of the CA’s financial
status. The higher the value, the wealthier the CA.
The value is sampled from a Poisson distribution with
λ = 4.
Acceptance (Ac): The degree by which a CA is
willing to uptake new technologies. The value is
sampled from a Poisson distribution with λ = 1.

TABLE I.

P REFERENCES FOR CHOOSING
FOR CA1 .
Attribute

THE BEST “ MATCHING ”

CA2

Impact

Formula

Consumption Proximity (CP)

↓

euklidean(Ct(CA1 ), Ct(CA2 ))

Physical Proximity (PP)

↓

tanh(euklidean(CA1 , CA2 ))

Trustworthiness (TW)

↓

T r(CA2 )

Influence (IF)

↑

If (CA2 )

Prosperity Proximity (PT)

↓

|P t(CA1 ) − P t(CA2 )|

Savings Proximity (SV)

↓

|Sv(CA1 ) − Sv(CA2 )|

Acceptance Proximity (AC)

↓

|Ac(CA1 ) − Ac(CA2 )|

Environmental Awareness (EA)

↑

Ea(CA1 )

It is obvious that one may define any load curve footprints
he/she deems appropriate, by employing estimation algorithms
from data collected through questionnaires, smart meter measurements, etc.
With respect to the modeling properties of a CA, matching preference may be established is various ways. Table I
illustrates our approach, where with ↓ we define preferences
that the smaller their value is, the more preferable it is for
the corresponding CA, while with ↑ we define preferences
that the greater their value is, the more preferable it is for
the corresponding CA. The overall grouping preference value
function for CA1 to rank CA2 (applied for all candidates)
and consequently choose the lowest ranking one, is provided
by the weighted average of Equation 1. All variables are
normalized in the [0,1] range. Parameters w1 , w2 , w3 , w4 , w5
are user specified weights and used in order to perform focused
analysis (discussed in the next section).
pref erenceV alue = w1 ∗ CP + w2 ∗ P P
w3 ∗ T W ∗ IF + w4 ∗ SV ∗ P T
+
+ w5 ∗ AC
EA

(1)

Equation 1 attempts to cluster CAs based on certain
similarity (proximity) criteria. The Physical Proximity
variable is used to group together consumers that could potentially have greater chances of creating a coalition due to known
habits (working hours, number of persons per family etc.). The
Influence and Trustworthiness variables are defined
in such a way so that they strengthen or weaken each other in
order to establish star like structures. Of course, one may define
any other preference value function he/she deems appropriate,
based on the modeling approach followed performed by the
expert user that designs the agent-based simulation system;
nevertheless, the approach followed is considered sufficient
for proof of the CSN concept. Algorithm 1 presents the code
structure for constructing the CSNs.

Fig. 1.

A typical load curve footprint of a consumer agent.

3 http://klout.com

Algorithm 1 CSN construction algorithm.
for all CAs do
if CAi is participating then
for all Other CAs participating do
values[j] ← pref erenceV alue(CAi , CAj )
end for
Create link between CAi and CAargminj (values)
end if
end for

IV.

E XPERIMENTS & D ISCUSSION

The agent simulation system has been implemented in
NetLogo, an agent-based parallel modeling and simulation
environment produced by the Center for Connected Learning
and Computer-Based Modeling at Northwestern University [6].
Its main purpose is to model complex systems that evolve
over time. In NetLogo, Modelers give instructions to hundreds
or thousands of independent turtles (the agents), that operate
concurrently. This makes it possible to explore connections
between micro-level behaviours of individuals and macro-level
patterns that emerge from their interactions.
Figure 2 depicts the main graphical user interface of the
developed system. The SETUP button resets the system and
initializes a new community by creating the agents and the
strategies (grouping preferences), while the GO button runs
the models and consructs the CSN.

Betweenness centrality is a more useful measure of the load
placed on the given node in the network, as well as the node’s
importance to the network than just connectivity. Betweenness
(u)
centrality of an node u is defined as: g(u) =sut σst
σst .
Closeness is a metric between all pairs of nodes, defined by the
length of their shortest paths, and is regarded as a measure of
how long it will take to spread information from one node to
all other nodes sequentially. Next we discuss each experiment.
TABLE II.

S OCIAL NETWORK ANALYSIS OF THE C ONSTRUCTED
CSN S .
CSN

1

2

3

4

77

9

89

102

0.397

0.33

0.67

0.1

0.00006

0.009

0.00004

0.00003

Closeness

0.001

0.0044

0.0019

0.002

Max. Degree

20

24

14

14

3.41

5.08

3.32

3.18

5

6

7

8

11

121

36

3

0.63

0.14

0.17

0.33

0.0008

0.00002

0.002

0.005

Closeness

0.002

0.019

0.0021

0.005

Max. Degree

102

10

12

36

Degree

3.91

3.06

4.52

8.39

# Clusters
Max. Norm. Link Len.
Betweenness

Degree
CSN
# Clusters
Max. Norm. Link Len.
Betweenness

Figure 3 depicts a reference CSN, constructed with default
weight values (w ∈ {1, 1, 1, 1, 1} and 1 connection initiating
per CA). It is obvious that no strong clusters are derived; on
the contrary the network structure appears to have a random
layout.

Fig. 2.
system.

The main graphical user interface of the agent-based simulation

From a power systems context, we assume that the entire
population simulated is located under the same transformer
so that there are no electricity distribution constraints. In all
the experiments performed we assume a population of 1000
CAs, with a participation percentage in CSN formation of
50%. Eight different CSN models were constructed following
the methodology presented in Section III. Figures 3 - 10
depict the results of the experiments for varying values for
w1 - w5 variables in the preference value function, as well as
for different upper bound values on how many (networking)
connections a CA was willing to make.
Table II provides a qualitative evaluation of the social
networks that were constructed in the experiments, based on:
a) the number of derived clusters, b) the maximum normalized
link length of the clusters, c) the node betweenness centrality
degree, d) the edge closeness degree, e) the maximum degree,
and f) the average degree. Edge betweenness is a measure of an
edge’s centrality in a network equal to the number of shortest
paths from all edges to all others that pass through that edge.

Fig. 3. CSN1: CSN with weights, w ∈ {1, 1, 1, 1, 1} and 1 connection
initiating per CA.

Figure 4 depicts the CSN, where we increased the upper bound on the number of connections per CA (w ∈
{1, 1, 1, 1, 1} and 1 to 3 connections initiating per CA). Results

are similar to experiment 1, except for the number of clusters
which has significantly reduced (9 compared to 77 in the first
experiment), a fact that is attributed to the increased upper
bound on the number of connections per CA, which allows
more edges to be created.

Fig. 5. CSN3: CSN with weights, w ∈ {10, 1, 1, 1, 1} and 1 connection
initiating per CA.

Fig. 4. CSN2: CSN with weights, w ∈ {1, 1, 1, 1, 1} and 1 to 3 connections
initiating per CA.

Figure 5 illustrates the resulting CSN where the effect of
energy similarity is promoted. The links of the connections
are of greater length, since each CA is trying to connect to
a similar CA with the same energy behavior, without any
regard to distance similarity. One may identify that, in this
case, numerous small clusters are created with (obviously)
insignificant market power.
In the fourth experiment (Figure 6), the effect of distance
similarity was promoted; closely connected CSNs are created
giving more preference in the distance between CAs. Again,
this approach leads to the formation of numerous insignificant
clusters.
Figures 7 and 8 depict the DSNs created when focus is
given on both consumption and physical proximity, with up to
1 or up to 3 connections initiated per individual. Their main
difference is with respect to the number of clusters formed.
In fact, Figure 7 depicts the CSN with the highest average
closeness degree (due to its large number of clusters).
On the other hand, when the trust and influence metrics are
promoted (Figure 9) star-like networks are created, with many
CAs connecting to the most influential and trusted CAs. One
identifies that these strong clusters represent consumer groups
that could have increased market power and influence policy
makers. Moreover, consumers that are in the center of these
clusters have increased influence power (according to Table II
the maximum node degree is 102), and are excellent candidates
for targeted promotion activities.

Fig. 6. CSN4: CSN with weights, w ∈ {1, 10, 1, 1, 1} and 1 connection
initiating per CA.

Finally, Figure 10 illustrates the CSN formed when the
maximum number of connections per CA is increased to 5.
This is probably the most interesting result from an energy
market perspective, as two strong clusters emerge (the third one
is considered insignificant) that represent two consumer groups
with different consumption needs, degrees of environment
awareness and attitude towards pricing policies. This CSN has
the higher average degree value, which is result of its dense
structure.

Fig. 7. CSN6: CSN with weights, w ∈ {10, 10, 1, 1, 1} and 1 connection
initiating per CA.

Fig. 8.
CSN7: CSN with weights, w ∈ {10, 10, 1, 1, 1} and 1 to 3
connections initiating per CA.

Fig. 9. CSN5: CSN with weights, w ∈ {1, 1, 10, 1, 1} and 1 connection
initiating per CA.

Fig. 10. CSN8: CSN with weights, w ∈ {10, 10, 10, 1, 1} and 1 to 5
connections initiating per CA.

V.
From the above discussion it is obvious that different
types of results can be extracted, based on the parameters
promoted, the maximum number of agent links and the agents’
willingness to connect (also a parameter in the developed
system).

C ONCLUSIONS AND F UTURE W ORK

In order to probe on the usefulness of the CSN approach,
we performed the following preliminary experiment: based
on the clusters identified (in the last experiment), we ran a
demand-side management scenario, as a means to quantify
the outcome of the CSN formation. In this scenario, each CA
that has accepted to join the network (his/her willingness to

connect)is given an incentive relative to the preferences of the
group he/she has been assigned, in order to shift his/her load
curve by a quarter of the hour earlier/later. Each CA, based on
the actions executed by neighboring CAs (links), executes the
complementary action so that a diversity in actions within the
clusters is maintained. CAs that do not participate in the CSN
perform as planned initially. Merely by applying this simple
incentive scheme, we observe a 6% reduction in the peak of the
load curve (from 2824 MWs to 2652 MWs) plus a reduction
in the standard deviation of the power consumption in the 96
quarters of the day (from 573 MWs to 549 MWs). This could
potentially lead to better forecasting of power demand due to
less variance in the resulting curve (Figure 11). In fact, if CA
participation in the network increases (from 50% to 75%), peak
reduction can reach 14%. Thus, appropriate target incentives to
respective consumer groups could obviously lead to numerous
benefits related to the energy market and the power system.

Fig. 11. Peak reduction in the load curve. With red bars is the consumption
before incentivizing the CAs and with green after.

Summarizing, the deployed agent-based simulation system
aims at providing a tool for modeling consumer agents with
respect of forming CSNs for upgrading their role and market
power from small-scale electricity consumers into important
stakeholders. This is performed bottom-up modeling where
the agents, through simple rules create complex structures
with emergent behaviors. This preliminary analysis for CSN
formation in the area of consumer energy systems illustrates
obvious potential benefits. Work is expandable and the social
modeling formulated in this work could be coupled with
powerful multivariate energy simulation platforms like Cassandra4 ; this way coupling socio-economic with energy-related
behavior of consumers could lead to more efficient energy
distribution and consumption for all the stakeholders in the
energy supply and demand chain.
Future goals include more realistic energy and social
modeling for CAs. With the incorporation of more elaborate
demand-side mechanisms, we will be able to study demandresponse scenarios and their effect on the power system
through the use of CSNs.
4 http://www.cassandra-fp7.eu
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