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Abstract In presence of time-variable energy tariffs,
users will try to schedule the usage of their electri-
cal appliances with the goal of minimizing their bill.
If the variable price component depends on the peak
aggregate demand during each given hour, users will
be incentivized to distribute their consumption more
evenly during the day, thus lowering the overall peak
consumption. The process can be automated by means
of an Energy Management System that chooses the best
schedule while satisfying the user’s constraints on the
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maximum tolerable delays. In turn, users’ thresholds on
delay tolerance may slowly change over time. In fact,
users may be willing to modify their threshold to match
the threshold of their social group, especially if there
is evidence that friends with a more flexible approach
have paid a lower bill. We provide an algorithmic frame-
work that models the effect of social interactions in
a distributed Demand Side Management System and
show that such interactions can increase the flexibility
of users’ schedules and lower the peak power, result-
ing in a smoother usage of energy throughout the day.
Additionally, we provide an alternative description of
the model by using Markov Chains and study the cor-
responding convergence times. We conclude that the
users reach a steady state after a limited number of
interactions.

Keywords Smart Grid - Demand Side Management -
Agent-Based Modelling - Social Norm

1 Introduction

The application of Demand Side Management (DSM)
approaches to the smart grid ecosystem has recently
gained popularity and several frameworks aimed at shap-
ing the aggregated power load curve of groups of cus-
tomers [1] (e.g. to reduce/shift consumption peaks [2]),
avoiding outages and improving power quality [3], or
maximising the usage of Renewable Energy Sources (RE-
Ses) [4] have been proposed.

In DSM, different strategies may be adopted to mo-
tivate users to alter their energy usage patterns. Histori-
cally, stakeholders have focused on price-based policies:
dynamic pricing schemes exhibiting hourly variations
and reflecting the costs incurred by the smart grid sys-
tem to satisfy the customers’ demand have proven to be



Alessandro Facchini et al.

effective when the objective is the minimization of the
users’ bill [5,6]. To this aim, customers may opt for co-
ordinated optimization schemes to avoid the drawbacks
of uncoordinated shifts in their energy usage schedules
(e.g. excessive consumption peaks during low-price pe-
riods). Coordinated solutions include centralized and
distributed DSM frameworks: the former typically max-
imize a shared utility function [7], whereas in the latter
each consumer locally defines her energy plan accord-
ing to her personal preferences (e.g. bill minimization
or comfort maximization).

However, several recent studies investigated the ef-
fectiveness of non-monetary strategies in shaping and
reducing consumption by stimulating long-term changes
in beliefs and norms [8-10]. Indeed, consumers do not
live in isolation: they can interact with each others
and with public institutions, and therefore being in-
fluenced in their own attitudes, preferences and pos-
sible actions. This approach is consistent with the so-
ciological paradigm of “Homo Socialis” [11], according
to which agents’ actions are not only determined by
the desire to maximize their utility but also driven by
shared norms, roles, and relationships. Because of this
simple, trivial observation, social norms are nowadays
an important topic of research not only in contempo-
rary sociology, economics or game theory, but also in
environmental sciences [12,13].

The main objective of our work is to take into ac-
count both the role of price policies and the influence
mechanisms of norms on energy consumption behav-
iors. To this aim, we propose a distributed game-theoretic
DSM framework which relies on an agent-based model-
ing approach. The framework includes a model of the
social structures and interaction models which define
the reciprocal influences of socially-connected agents.
These models make it possible to study the impact of
social interaction on the user tolerance of a starting de-
lay of appliances with and without knowledge of the
electricity bill of other users. In turn, the impact of
delay tolerance on the electricity bill is modeled by us-
ing a load scheduling game for distributed demand side
management, where rational agents run a distributed
protocol to minimize the users’ bills. The main contri-
butions of this paper are:

— a description of the interaction mechanisms aimed
at modeling the influence of the society on individ-
ual delay tolerance preferences;

— an evaluation of how social interactions modify in-
dividual delay tolerance preferences, which, in turn,
affects the aggregated energy consumption curve ob-
tained at the end of the execution of the load schedul-
ing game;

— a Markov-chain model of the interaction mechanisms
and the evaluation of the time necessary to converge
to the steady state.

The remainder of the paper is structured as fol-
lows: Section 2 provides a short overview of the related
literature, whereas Section 3 describes the structure
of the agent-based model. An analytical model based
on Markov chains which captures the evolution of the
agent-based model is proposed in Section 4. The per-
formance assessment of our proposed model and the
discussion of the experimental results are provided in
Section 5. Conclusions are drawn in the final Section.

2 Related Work

Agent-Based Models (ABMs) have raised interest in the
smart grid research community as a promising approach
to capture the complex interdependencies in the be-
haviour of electricity users. Several recent studies pro-
pose frameworks incorporating multi-agent systems to
collaboratively detect and react to grid outages [14], to
improve the voltage profile by means of active/reactive
power load control [15], or to develop energy market
control strategies [16].

Some ABMs tackle socio-behavioural aspects of the
interactions among users and between users and utili-
ties: Worm et al. [17] for instance propose a two-layered
framework including a short-term choice model which
captures the effects of energy price variations on the
users’ consumption patterns, depending on their com-
fort needs (i.e. the fulfilled demand) and on the presence
of local RESes (e.g. solar panels), and a long-term be-
havioural model which defines how interactions within
the social network may alter users’ attitudes towards
comfort requirements, energy efficiency, usage of RE-
Ses, and price policies. While in this work we also study
the effects of social interaction on a user-defined delay
tolerance threshold, considering users’ personal price-
delay trade-off, we depart from the aforementioned work
by explicitly taking into account influence and imitation
mechanisms within the proposed ABM, analogously to
what it has been done e.g. in [18,19] but for residential
water consumption.

Ramchurn et al. [20] describe a decentralised DSM
framework which allows autonomous software agents
installed at the customers’ premises to collaboratively
schedule the usage of domestic controllable appliances
with the aim of minimising peaks in the aggregated
consumption within a neighbourhood, assuming the us-
age of dynamic pricing. The framework includes an
adaptive mechanism which models the learning process
adopted by the users to modify the deferral time of their



Title Suppressed Due to Excessive Length

controllable loads based on predicted market prices for
the next day. Our proposed solution is also aimed at
peak shaving and adopts a similar learning approach to
update the users’ delay tolerance threshold.

In the distributed DSM systems proposed by Bar-
bato et al. [21] and Chavali et al. [22], residential user
agents are modelled as rational entities who solve a
Mixed Integer Linear Program (MILP) to minimise their
energy bill. Under this assumption (i.e., each user ap-
plies a best response strategy), the users can be consid-
ered as players in a non-cooperative game theoretical
framework: it has been proved in [23] that such game
is a generalised ordinal potential game which converge
in a few steps to a pure Nash Equilibrium. In this pa-
per we adopt the same assumptions and build upon the
theoretical results therein discussed. However, in this
paper the MILP formulation therein provided has been
modified to take into account delay tolerance thresholds
based on the users’ attitudes.

3 The ABM Framework
3.1 The Load Scheduling Algorithm

We consider a set of residential users, U, who allocate
their power demand over a 24-hour time period divided
into a set, 7, of time slots of duration T. Each user
u € U owns a set of non-interruptible electric appli-
ances, A,, that must run once a day. The load pro-
file of each appliance a € A, lasts N, time slots and
its value in the nth time slot is given by [¥% (with
n € Nauw = {1,2.., Ny, }). For the sake of easiness, we
assume that [%, is constant for the whole duration of
the nth time slot. Each appliance a € A, is also associ-
ated to a set of parameters ¢!, € [0, 1] which define the
comfort level perceived by user u in starting appliance
a at time slot ¢ € 7. The rationale behind the definition
of such comfort level is the following: each user decides
a preferred time slot for the starting time of her ap-
pliances. However, in case of deferrable appliances, she
can tolerate to delay the starting time up to a certain
number of time slots. Intuitively, the higher the delay
is, the less comfortable such schedule is perceived by
the user. It follows that the less pronounced the pref-
erence of user u for starting appliance a at time slot ¢
is, the lower ¢!, is. In the extreme case of ¢, = 0, user
u will never turn on appliance a at slot ¢. In addition,
user u specifies a threshold 4, € (0,1] indicating the
minimum acceptable delay tolerance level for appliance
a, which defines the degree of flexibility of the user in
scheduling her appliances: the lower g, is, the more
tolerant to delaying their starting time the user will be.

Each user v € Y may own two different types of
appliances. Fized appliances (e.g., lights, TV), repre-
sented by the subset AL C A, are non-shiftable and
their starting time is predefined. Such constraint is im-
posed by assuming that there exists exactly one time
slot t4, € T such that:

. _{1 if £ = T
Cau =

0 else

which guarantees that fixed devices have only one al-
lowed starting time and that the system is forced to
start them at time #,,. Conversely, shiftable appliances
(e.g., washing machine, dishwasher), represented by the
subset AY C A,, are controllable devices and their
starting time is an output of a scheduling algorithm.
For these appliances, %, may assume non-zero values
in multiple slots, providing that there exists at least
one time slot ¢ such that ct, =1 (i.e., t is u’s preferred
starting time for appliance a).

The scheduling strategy i, of player w is described
by a set of binary decision variables:

. 1 if appliance a of user u is started at time ¢
‘Iau = . *
0 otherwise

The set of all strategies of u is denoted by Z,,.
We say that the strategy i, is feasible if it satisfies
the following constraints:

D chumh, > AL (1)
ac AF

Z CZuxfzu > You Va € -’45 (2)
teT

szuzl Va € A, (3)
teT

Constraints (1)-(2) ensure that the starting time of
every appliance a provides a comfort level higher than
the acceptability threshold 7g,,. Constraints (3) impose
that each appliance is executed exactly once per day.!

The pair ({ct, |t € T,a € A}, {7, | a € Au})
is called the comfort characteristic of user u. More-
over, a comfort characteristic Cy, := ({c},, |t € T,a €
At {7, | a € Ay}) of user u is said to be consistent
with the contractual limit 7, on the amount of pur-
chasable energy per time slot if there exists a strategy
1, such that:

Yoo Akt <m, VieT (4)

a€A, nEN Gy :
n<t

1 Such a condition can be easily generalised to include an
upper bound on the number of usages of an appliance.
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Constraints (4) determine the overall consumption
of the appliances in each time slot and bound the amount
of purchasable energy in order not to exceed the con-
tractual limit, m,. Such consumption depends on the
scheduling strategy: the energy required by each device
a in every time slot t is equal to the energy consump-
tion indicated by the nth sample (with n € N, =
{1,2.., Ngy}) of the load profile, I¥, , executed at time
t. Note that the energy amount indicated by the nth
sample of the appliance load profile is consumed dur-
ing slot ¢ only in case the appliance is started at time
t —n+ 1, thus if 2/, = 1.

The non empty set of feasible scheduling strategies
consistent with 7, is denoted by ZC. We also say that
Z¢ is determined by (C,,,T,,).

We model the price of electricity at time ¢ € T,
b:(-) as an increasing function of the total energy de-
mand of the group of users U at time ¢ [24]. Under this
assumption, prices will increase during peak consump-
tion periods. Therefore, an energy utility may impose
such a price function with the goal of inducing peak
shaving. For this reason, due to the conflicting goals
of the users, the load scheduling problem cannot be
solved with a centralised approach. Thus, we adopt the
distributed game-theoretic framework proposed in [23],
which models the problem as a game G = {U,Z,P},
defined by: ¢) the players representing the users in the
set U, each one associated to a comfort characteristic
C,, and a contractual limit m, on the purchasable en-
ergy per time slot; i) the strategy set T = [L.cu TG,
where ZC indicates the strategy set of player u corre-
sponding to her feasible load schedules determined by
(Cuymy) (we assume here that such set is not empty);
iii) the payoff function set P = {P,}uecu, where P, is
the payoff function of user u, which coincides with her
daily electricity bill.

The payoff function of each player, P,, is defined as
a function of Z as follows:

Pu(T) = yutbr(yr) (5)

teT

where

_ u t—nm-+1
Yut = E E lan " Loy

a€A, nEN,, n<t

is the energy demand of user u at time ¢t and b:(y:)
is the price of electricity at time ¢ defined as a linear
function of y; = >, ;s Yut, Which represents the total
electricity demand of the players at time ¢. In [23], it
has been proved that such function is a regular pric-
ing function. It thence follows that G is a generalised
ordinal potential game, with P(Z) being the potential
function. Potential games admit at least one pure Nash

Equilibrium which can be obtained by applying the Fi-
nite Improvement Property (FIP). Such propriety guar-
antees that any sequence of asynchronous improvement
steps is finite and converges to a pure Nash equilib-
rium. In particular, a succession of best response up-
dates converges to a pure equilibrium [25]. As proposed
in [23], we assume that the best response method is
implemented in an iterative way as follows. Users in
U are listed in a predefined order. The first user ini-
tiates the algorithm by choosing his/her optimal load
schedule assuming flat tariffs. Then, the user communi-
cates her scheduled energy profile to the next user in the
list, who executes the same operations but considering
the hourly energy prices calculated from the expected
hourly load obtained by summing the schedules of all
the users in the list. At every iteration energy prices are
updated and, as a consequence, other users can decide
to modify their schedules. The procedure stops when
none of the users alters her schedule in an iteration,
meaning that convergence is reached.

In order to find the optimal schedule, each user
solves the following Mixed Integer Non-linear Program-
ming Model:

min Z Yut * bt (6)

teT

subject to constraints (1)-(4), where by = bA™¢ + (1 +
Put), being p,; the total energy demand of the players
of the set U \ {u} received by user u at the current
game iteration, b4 the cost of ancillary services (e.g.,
electricity transport, distribution and dispatching, fre-
quency regulation, power balance) and s the slope of
the cost function, respectively.

3.2 The Agent-based Model

We consider a time span of £ days. During each day,
users socially interact with the aim of influencing each
other’s delay tolerance thresholds 7,,. As a consequence
of such interactions, user u may modify the values of 7y,
to be used in the next execution of the load scheduling
game (i.e., during the next optimisation time horizon).

The social interaction is mediated by an automated
mechanism that collects delay tolerance thresholds and
the energy price paid by the user’s friends and ad-
justs the user’s thresholds according to some filtering
rule. For example a user might be willing to adjust her
thresholds towards the thresholds of similar users that
pay a lower price. However, users may not interact with
their friends on regular daily basis (e.g. they may de-
cide to communicate their delay tolerance thresholds
only occasionally). Therefore, we assume that each user
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is characterized by a parameter p‘ which is set to 1 if
user u is willing to compare (and possibly revise) her
delay tolerance thresholds on day ¢ € L, to 0 otherwise.
Moreover, let R[u] be the list of u’s social neighbours.
Similarly to the approach proposed in [16], in order to
capture the users’ capability to make rational decisions
about whom to imitate (and up to which extent), for
each appliance a € AS we consider a two-dimensional
attitude space? (see Figure 2) where each user locates
herself and her neighbours based on their current de-
lay tolerance threshold v/, and normalised daily energy
bill per appliance Bﬁu defined as:

S bi(yw) D, 1l

teT nENGy : n<t

Z by (yut) *Yut

teT

l _
Bau_

Based on her position, user u defines an area of in-
terest A’ (see shaded area in Figure 2) representing
acceptable bill-comfort pairs. The criteria for the def-
inition of such area depend on the personal attitude
of the user (e.g., a user with a strong hedonistic atti-
tude would be willing to imitate users with a higher
delay tolerance threshold than hers, though their bill is
-even significantly- higher than hers, whereas she would
never imitate users with a lower delay tolerance thresh-
old, even if their daily expense is lower than hers) and
may be revised at each game execution #.

The interaction protocol executed by user u at day
¢ € L proceeds as follows. User u defines a boolean
parameter 7, computed as:

1 if (76, BL) € AL
T = 0 otherwise ’

For each neighbour u' € R[u|, user u updates the
delay tolerance threshold v/, of each appliance a: a €
A¥ Na € A3, as follows:

1
vir Ak e D(w) if (%) holds

Yau | Rlul| (7)
v otherwise
where
F(U) = Z ha (’LL, U/)(’}’gu/ - ’Vﬁu)
u'€R[u]:

N DYDY =1

and hg(u,u') is the similarity between the comfort pro-
files of users v and v’ with respect to appliance a. In

2 This assumption also enables the users to redefine the
sets AL ,A;f before each game execution, e.g. in case some
appliances are not regularly used on daily basis.

A

(aeBl)  (BL)
[ ) ' ([ ]

(v..8.,)
L

Normalized bill

v

Normalized comfort
Fig. 1: Users’ attitude space
this paper we will define similarity as half the number

of time slots where ¢!, and ¢!, are both non-zero. The
condition (&) is

1
L _
e R[] ;H
N =1Ap%pt =1

h’a(ua u/)(rYﬁu/ - Vﬁu) > 0.

User u will then use the updated delay tolerance
thresholds 74! in the next day for the execution of the
load scheduling game.

4 Modeling the System Evolution with Markov
Chains

The agent-based model described in Section 3.2 can be
analyzed with the help of a discrete-time Markov Chain.
We make following assumptions:

1. The user delay tolerance threshold can only take val-
ues that are integer multiples of a fixed step Av. The
total number of possible tolerance threshold levels
is 1/(Av) + 1.

2. The agent state is represented by its tolerance thresh-
olds at any given time for each appliance.

3. Each day is divided in iterations. At each iteration 7
a single agent interacts with another user and modi-
fies its delay tolerance threshold. This is slightly dif-
ferent than the model in Section 3.2, which considers
that the effects of multiple interactions are applied
at the same time. This assumption will make the
Markov matrix more sparse and, thus, more man-
ageable. On the other hand, the system will evolve
more slowly.

Without loss of generality we consider that each user
has a single appliance. Since the thresholds for the var-
ious appliances evolve independently, the full state of
each user can be described by a set of identical Markov
Chains evolving independently.

The full state at iteration 7 for appliance a is thus
given by the tuple: (v71,7q2, - - -, Vg)- Thus, the total
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Fig. 2: Number of iterations to a steady state, depend-
ing on the number of users and states per users.

number of states is [U|/47+1 which grows exponen-
tially fast as A+ becomes small. Therefore the model
can be used only with a small number of levels.

At each time slot, an agent « uniformly at random
interacts with another user «’ uniformly at random and
changes its delay threshold to:

Yad b = vt
{63;’JA7 with probability 52;’ ey
{%—I A~ with probability {52";,—‘ — 62;'

with
6u,u' = ha (’U,, u/)<’7(71—u’ - ’Ygu)

Thus, the transition probability is:
Pr{(...,v5, +kAy, ...,y )]

T T _ 1
("'aIYauv"'v’Yau”“')] - |u|(|u‘ _1)><

/. o 5u,u/ 6u,u’ B ]
[H{Uk Ay }H+ 2. Ay {A’YJjL

ws k=] 2 |

5u,u’ 5u,u’
> a4 ®
w's k=] 54

For all integer k such that 0 <~7, + kAvy <1, while it
is equal to zero in all other cases.

We used Equation (8) to model an homogeneous
system with hg(u,u’) = 1/2 for all u, v’ and study the
number of time slots to reach steady state.

Figure 2 shows the average number of interactions
after which the state probabilities change over time by
less than 1%. The results are averaged over 100 Monte
Carlo simulations with random initial conditions. The
Figure shows that the number of discrete threshold
levels has a limited impact on the convergence time,

making it possible to study this important parame-
ter with large discretization steps, resulting in smaller,
more manageable chains.

Additionally, we note that, for a very small number
of users, the interactions to reach steady state grow as
the number of users grows. Instead, for more than 5
users, the number of social interactions to reach equi-
librium does not depend on the size of the social com-
munity. Consequently, we can say that, for a large net-
work, the number of users has a limited impact on the
convergence time, whereas the important parameter is
the frequency at which users interact. Frequent inter-
actions, with a large set of neighbours results in faster
convergence.

5 Performance Assessment
5.1 Description of the Scenarios

In our tests, the 24-hour time horizon is represented by
a set 7 of 24 time slots of T = 1 hour each. We con-
sider £ = 30 consecutive executions of the load schedul-
ing game presented in Section 3 and simulate social
interactions at the end of each execution. The param-
eters of the electricity tariff, b;, are defined based on
the real-time pricing currently used in Italy for large
consumers. Specifically, b4"¢ = 0.05€/MWh and s =
2.3 x 1074 €/(MWh)2.

We consider a scenario with ¢/ = 50 users. The set
RJu] of each user’s neighbours is computed based on the
topology of a random scale-free network graph gener-
ated according to the Barabasi-Albert model with mean
degree d, which is a popular generative model for based
social networks and online communities [26]. If not dif-
ferently stated, we assume d = 6.

Each user u has a contractual limit, 7, of 3kW and
owns 4 shiftable appliances (i.e., A% = { washing ma-
chine, dishwasher, boiler, recharge of robotic vacuum
cleaner}) and 7 fixed ones (i.e., AL = { refrigerator,
purifier, lights, microwave oven, oven, TV, iron}). The
operation of shiftable appliances is assumed to be con-
trollable and fully automatized (i.e. by means of a home
energy management system such as the one described
in [27]). The energy consumption patterns of each ap-
pliance have been extracted from a real dataset [28].
On average, the energy consumption due to deferrable
appliances accounts for 55% of the total daily consump-
tion. For each appliance, the comfort curve cf,, assumes
a right-angled triangular shape of 4 slots duration ran-
domly placed within the 24-hours scheduling horizon,
with values [1,0.75,0.5,0.25] (i.e., we assume that the
preferred starting time is the slot ¢ such that cf, = 1
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and that users’ satisfaction decreases linearly with de-
lay). The initial values of the appliance delay tolerance
thresholds 7., are randomly chosen with uniform dis-
tribution in the range [0, 0.75]. If not differently stated,
we assume that pf, = 0.85.

In order to evaluate the performance of the proposed
interaction mechanism we consider three scenarios: the
first one assumes that the area of interest A% of user u
is defined as:

Af; = {(Vﬁu”Bgu’): Bﬁu’ < Béu}

(i.e., users imitate neighbours whose daily bill is lower
than theirs); in the second one we define A!, as:

Aﬁ = {(’Yﬁu’ﬂBﬁu’): P)/cl;u/ < ’Yﬁu}

(i.e., users imitate neighbours who impose lower delay
tolerance thresholds than theirs), whereas in the third
we set AL as:

Aft, = {(’ygu”Bgu’): ,ygu’ < Wﬁu A Bﬁu’ < Bﬁu}

(i.e., users imitate neighbours who have both lower daily
bill and delay tolerance thresholds). The daily results
obtained in the tree scenarios are compared to the ones
obtained during the first day (i.e. for ¢ = 1), when no
social interactions among the users have occurred. For
the assessment, the following metrics are measured: in-
dividual bill, i.e. the electricity bill of each user u € U,
and peak demand, i.e. the peak of the aggregated energy
demand of the group of users U defined as max; y;.

5.2 Numerical Results

Average results obtained over 50 instances of each sce-
nario are reported in Figure 3, which shows that in all
scenarios the imitation of virtuous behaviours lead to
non negligible decreases of the individual daily bills and
of the aggregate peak energy consumption. Bill reduc-
tions are more consistent in scenario 2, i.e. when users
imitate neighbours with lower delay tolerance thresh-
olds regardless to their bill (0.5% reduction versus 0.3%
in scenario 1 and 0.4% in scenario 3). This is due to the
fact that achieving a low bill does not necessarily im-
ply a low delay tolerance threshold: users can indeed
achieve low bills if their preferred appliance usage peri-
ods are very different from the ones of the other users
(e.g. they span night hours), which would lead to lower
values of the aggregate power consumption and, conse-
quently, to lower energy prices. It follows that imitating
users with low bills does not always lead to an increase
of the flexibility of the individual schedules. In terms
of aggregate peak reduction, simulation results make it
possible to conclude that Scenario 1 leads to the least

7
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= —mmm lower bill and threshold {{{f}} 1
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Fig. 3: Percentual reduction of daily bill and peak en-
ergy consumption depending on the definition of the
users’ area of interest A, with || = 50. 95% confi-
dence intervals are plotted.

peak power reduction, which settles at about 0.9% less
than the peak power obtained with no social interac-
tion. Better performance is obtained in the other two
scenarios, which provide similar peak power reductions.

Figure 4 shows the evolution of the delay tolerance
threshold ~¢,, for the usage of the washing machine for
the whole population of users in a representative in-
stance of the two scenarios. As depicted in Figure 4a,
in the first scenario the imitation of the neighbours with
lower bills leads to a homogenisation of the thresholds.
Moreover, the average value of v/, tends to decrease,
due to the fact that people experiencing lower bills are
more likely to have chosen low delay tolerance thresh-
olds. It follows that imitating them leads to more elas-
ticity in the scheduling patterns. However, some users
never alter their delay tolerance threshold: this happens
when none of their neighbours ever experiences lower
bill than theirs. Conversely, in scenario 2 the benefit of
imitating neighbours with lower delay tolerance thresh-
old clearly emerges: in this case, 7%, never increases
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Delay tolerance threshold

Delay tolerance threshold

Day
(b) Scenario 2

Fig. 4: Trend of the whashing machine delay tolerance
threshold ~¢,, over time depending on the definition of
the users’ area of interest A,

with time w.r.t. its initial value and remains constant
only in case the delay tolerance threshold of a given
user is always lower than the one of all her neighbours.
Results obtained in scenario 3 shows trends analogous
to Scenario 2 and are thus not reported for the sake of
conciseness.

We now further refine our assessment focusing on
scenario 1 (i.e. the imitation of users experiencing lower
bills). Fig. 5 reports bill and peak power savings de-
pending on the level of participations of the users to the
social interactions. Intuitively, the more the users are
willing to interact and revise their strategies based on
the comparison of their bill to those of their neighbours,
the higher are the obtained savings. Fig. 5 shows that
increasing the level of user activity from 50% to 100%
doubles both the bill reduction and the peak power re-
duction achievable in one month.

Moreover, we evaluate the impact of the mean de-
gree of connectivity d of the social network: Fig. 6 shows
that increasing d from 3 (which corresponds to an user
interacting with around 4% of the other users) to 6 (i.e.
each user interacts on average with 10% of the other
users) almost triplicates the bill reduction and doubles

0.5 T T - :
activity 100%

04l activity 85% 4
g ' e activity 50% .
So03f i §
: 1
S
Q021
- frn L it
B oa  pAELppTEE f

a eail . .
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activity 100% ; g i
———— activity 85% T i ]
== activity 50% i

05" 5

Peak Power Reduction [%]

5 10 15 20 25 30
Day
(b) Peak Power Reduction

Fig. 5: Percentual reduction of daily bill and peak en-
ergy consumption for different values of the parameter
p’. 95% confidence intervals are plotted.

the peak power reduction. Further increasing d did not
lead to noticeable additional savings.

Finally, we investigate the impact of the total num-
ber of users participating to the DSM protocol. Inter-
estingly, as shown in Fig. 7 increasing the cardinality of
the set of users does not lead to significant variations in
the average bill reduction, whereas the peak power re-
duction is highest for very small groups (e.g. 25 users).
In fact, when there are fewer users the impact of each
user on the peak power is larger and it is sufficient that
a single user lowers his/her delay tolerance threshold
to have a beneficial effect on the peak power. As the
number of users grows, it is necessary that many users
improve their tolerance for having a significant effect.

6 Conclusion

In this paper, we study the benefits that social inter-
action can have on the peak power demand by users
with deferrable appliances. One of the problems with
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Fig. 6: Percentual reduction of daily bill and peak en-
ergy consumption depending on the average connectiv-
ity degree of the social network. 95% confidence inter-
vals are plotted.

demand side management is that user flexibility may
vary over time depending on observed savings and social
pressure. In this study we assume that users are will-
ing to vary their delay tolerance thresholds over time
by matching the ones of the users of their social group
that have a lower energy bill. We show with simula-
tions that this has a beneficial impact on the overall
peak demand, reducing energy management costs.

The models and the findings of this paper can be
used by utilities to study how much user awareness of
other users’ behavior can impact on the demand be-
havior. The simulations results in this paper show that
the knowledge of the electricity bill or delay tolerance
of similar users yields a peak power reduction in the
long term. We also show that a limited number of in-
teractions with a relatively small set of neighbours is
sufficient to achieve a steady state condition.
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Fig. 7: Percentual reduction of daily bill and peak en-
ergy consumption depending on the total number of
users. 95% confidence intervals are plotted.
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