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Abstract— In the future smart grid, Demand Side Management
(DSM) will be implemented to facilitate utility companies and
consumers in order to achieve mutual benefits such as minimizing
total energy cost and reducing consumption peaks. The optimal
energy consumption scheduling is calculated based on user
preferences in advance, e.g., day-ahead schedules. Most of the
prior works in the literature have reported good results under the
assumption that users are committed to the optimal schedules and
do not deviate from their preferences, which may not be true in
practice. In this paper, we consider the implications of allowing
users to change their preferences and request for new schedules
at any time. Based on user constraints, we propose single and
multi-user adaptive rescheduling algorithms. The algorithms
reschedule deviating energy consumption optimally thus
reducing the total energy cost. Simulation results show that the
total energy cost of the community can be reduced by as much as
11.4% in specific scenarios.

Index Terms-- Demand side management; energy consumption
scheduling; game theory; smart grid; user preference

L INTRODUCTION

The concept of DSM in the Smart Grid is related to all
activities pertaining to the alteration of the consumers’ demand
profiles in order to closely match the supply. DSM can be
employed to facilitate the integration of distributed generation
(DG) which can provide a significant reduction in both energy
generation and transmission. Also, DSM aims to support a
transition of high penetration rate in renewable energy sources
(RES) and reduction of carbon emission [1]-[4]. The main idea
is that the users deploy Home Energy Management System
(HEMS) solutions in their homes and participate in DSM
programs of the utility company by using smart meters. The
HEMS can be used to automatically schedule and manage the
load consumption based on real-time pricing provided by the
utility.

Various designs and mechanisms have been proposed in the
smart grid literature based on HEMS to manage the flexibility
offered by DSM. Among them, a game theoretic framework is
a promising mathematical tool to analyze the interaction
between utility companies and consumers [5]-[10]. Those
interactions can be viewed from a technical point of view as
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well as a social viewpoint, such as interactions between smart
meters and utility company control centers or service
agreements between the utility companies and their customers.
For instance, game theory can be applied in designing DSM
models for developing scheduling of flexible appliances,
energy pricing, and billing mechanisms.

The work by Mohsenian-Rad et al. [6] originally formulated
the energy consumption of houses in a community as a game.
In this game, each user has specific preferences regarding the
use of flexible appliances and seeks to find an energy
consumption schedule in advance that optimizes a payoff
function which is mainly a function of the energy cost. The
utility company distributes the total energy cost to all users in
the form of electricity bills. The cost function depends on the
total users’ load. This implies that a change in the load of one
user would impact the total cost, which in turn impacts the
individual bills of the users. The author also proposed a daily
billing mechanism which calculates the electricity bill for each
user proportionally to the energy consumption of the entire day.
Later, in [8], [9] proposed hourly billing mechanisms, where
hourly costs are shared among users respectively to their
consumption. This improves the system fairness level in terms
of each user’s contribution in the system.

One of the major drawbacks in [6]-[9] lies in the rigid
assumptions regarding user behaviors. Those works assumed
that every user is committed to the optimal schedule assigned
ahead of time. The assumption is backed up by the fact that the
users do not benefit financially if their power consumption
deviates from the optimal schedules. However, this assumption
rarely holds true in practice, and consumption deviation can
occur at any time after the schedules have been assigned. For
example, changes in user preferences is one of the causes that
lead to changes in using appliances. Recently, only the work in
[10] considered the assumption of schedule violations and
further extended the DSM model in [8]. The proposed
mechanism fairly distributes the cost of schedule violations
across users with deviating consumption while maintaining the
same cost for the users that obey the schedules.

In this paper, we relax the assumptions used in [6]-[9] by
allowing users to change their preferences at any time,



deviating from their original promises. The revised user
preferences may result in different power consumption. Under
this new assumption, the conventional models fail to achieve
optimality. Our assumptions differ from [10], as we allow users
to either increase or decrease energy consumption based on
their new preferences. Based on the energy consumption game
framework presented in [9], we propose adaptive energy
consumption rescheduling algorithms to cope with the
deviating users. The objective is to minimize the total energy
generation cost by providing options for users to request new
schedules.

The rest of this paper is organized as follows: Sec. II
introduces the models of the power grid and the energy
consumption game. In Sec. III, the details of the adaptive
energy consumption rescheduling algorithms are presented.
Numerical simulation results and discussion are given in Sec.
IV. The conclusion of the paper is drawn in Sec. V.

II.  SYSTEM MODEL

The system model in this paper is based on the energy
consumption game in [9] where the interaction of each user is
coordinated. We consider a community power grid composed
of a set of = {1,...,N} users that share a single energy
source provided by a utility company. Each user is representing
a house owning a HEMS coordinated with a smart meter. Each
HEMS is capable to schedule appliances and compute its own
electricity bill, B, using real-time pricing announced by the
utility company. The communication network provides HEMS
with two-way communication among users and also to the
utility. Fig. 1 shows the community power system and
communication networks. Without loss of generality, we
assume that each user has a single flexible appliance such as a
PHEV or a washing machine. A set of scheduling time period
H ={1,..,H} is divided into hourly time slots e.g., H = 24
for a day.

A. Energy generation cost functions

The utility company provides energy to the community and
responsible for generating and distributing electricity. The cost
of energy can be calculated at each hour h € H. With the
assumption that marginal costs increase with demand, we can
assume that the cost function C,(-) is increasing and strictly
convex [6]. In general, this cost function can be the actual cost
of electricity production or an artificial cost signal that sent to
users’” HEMS for computing energy consumption optimization.
In this paper, we assume the cost function Cj, (L) as a quadratic
function of the total load L, = ¥N_; x/*, where x/* denotes loads
at period h of usern € IV':

Ch(Lp) = aplf + byLy + ¢ (1

where a, > 0, b, = 0 and ¢, = 0 are the coefficients of the
cost function. The cost depends on the load in each period h as
at peak times it is more expensive to produce energy.

B. Energy generation cost functions

Each user n has a flexible appliance whose operation time
can be scheduled. Users can set their time preferences for the
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Fig.1 Overview of the community system model

appliances to operate within a time frame [a,, 8, ], where 1 <
an, < B < H. The user’s HEMS needs to fulfill the energy
requirement for the appliance to finish its task, denoted as

En = Silta, Xt @
and
X[t b o himax 3)

where x!! = 0 when h is not in the preferred user n’s period
H,. x™™ and x™%* denote the minimum and maximum
energy level in each hour h respectively. Thus, the energy
consumption vector for user n can be expressed for the whole
schedule periods as

X, =[x}, x2, ..., xH]. 4)
Note that the total energy consumption of appliance does not
change during scheduling, only the operation time (i.e.,
ON/OFF) is shifted. The set of feasible energy consumption for

user n respects the constraints given in (2) and (3) and can be
defined as

Xp| Xhn, Xt = En; Xl =0,V h € H \ H,

hmin

Xn = h h,max
Xn < x5 < Xp VheH,

)

C. Energy consumption game

The utility company is responsible for designing a billing
mechanism and distributing the cost of energy generation to all
users participating in the power system. For simplicity, we
assume a budget-balance case where the total generation cost is
equal to the sum of all users’ bills. One of the billing
mechanisms is hourly proportional billing where the total
energy cost is divided between users at each time period, with
respect to the energy they consumed. The bill for user n is given
by

h
B = X1z Cula)- (6)

h
m



The HEMS of each user locally seeks to find the energy
consumption scheduling vector x, that minimizes the user’s
electricity bill B, by solving the following optimization
problem:

X,irleiglfn 21}-11:1 brpll (Xn; X—n) @

where x_,, is the energy consumption of all other users except
nand Y¥_, b = B,. Since the total cost is affected by the total
load of all users, the choice of one user’s consumption profile
also affects all other users. That is, the electricity bill of user n
does not only depend on the user’s consumption but also
depends on all other users’ consumption in the same hour.
Therefore, we can formalize the problem as an energy
consumption game among users based on game theory
framework:

e Players: Usersn € N = {1,...,N}

e Strategies: the energy consumption schedule vector
X, € X, for each user

e Payoffs: negative billing for each user —B,,

The goal for the utility company is to minimize the cost of
electricity generation. To find the optimal energy consumption
schedule vectors, at first, each usern € ' sets the user
preference [a,, 8,] in HEMS. Then, HEMS initially solves the
optimization problem (7) locally as its best response strategy
for x,, by randomly assuming a vector x_,. The resulting
schedule is shared with other users through a broadcast
message. Once a user receives the update messages from other
users, the HEMS updates its local knowledge of other users’
aggregated loads x_,. Next, HEMS iteratively solves (7) and
shares the new schedule again until no user announces an
update. In this way, the iterative player best response strategy
will converge to the Nash Equilibrium and provide optimal total
energy cost ([6], Thm. 3). Fig. 2 illustrates an example of day-
ahead scheduling where each user iteratively computes its
schedule based on given preferred time period and energy
constraints. The resulting optimal scheduled time h;, is shown
for each user.

The assumption that every user must commit to the assigned
energy consumption schedule is necessary for prior works to
achieve the optimal total energy cost. However, in practice,
users may want to change their preferences after the schedule is
assigned. Without a scheduling algorithm to deal with such
users, the prior works fail to achieve an optimal total energy
cost and the user’s action may lead to increase consumption
during peak hours which, in turn, increase the total cost and
users’ electricity bills. In the next section, adaptive energy
consumption rescheduling algorithms are proposed to address
the deviating users.

III. PROPOSED ADAPTIVE ENERGY CONSUMPTION
RESCHEDULING ALGORITHMS

Most of the works in the literature assumed that every user
would fully commit to the schedules, that is, during the
scheduling period (i.e., H = {1, ...,24}) no user will change its
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Fig.2  Day-ahead energy consumption scheduling

preference and the appliance operation will be fulfilled
according to the schedules. However, in practical scenarios,
some users may not be able to commit to the day-ahead
schedules. These deviating users may want to change their
preferences. To accommodate such users, a rescheduling
algorithm that can reduce total energy cost is required. Based
on these assumptions, we proposed adaptive energy
consumption rescheduling algorithms.

Let us consider a DSM program that schedules the users’
flexible appliances for the next H = 24 hours. At the beginning
of the scheduling period, denoted as Initialization period, the
utility company broadcast the energy cost and billing functions
to all user in the community. Each user sets its appliance
operation preference in HEMS. Then, each HEMS iteratively
takes turn to calculate the optimal energy consumption schedule
and shares the results with all other users until all schedules are
finalized. Once the day-ahead schedules are determined, the
scheduled appliances operation is fulfilled according to the day-
ahead schedules. We denote this period as Operation period. A
flow diagram of the initialization and operation periods with the
proposed rescheduling algorithms are shown in Fig. 3. Next, we
will explain our rescheduling algorithms for 2 cases depending
on user constraints in the following sections.

A. Case I: Single user energy consumption rescheduling

In this case, we assume that only the deviating users (that is,
users who changed their preference) can alter their schedules
while the schedules of all other users remain the same. This is
based on the constraints that for other users, once the day-ahead
schedules are assigned, they do not want their schedules to be
altered. During the operation period, for example at time h;, let
us assume user k € N changes its preference from [ay, 8] to
[y, Br] for an appliance scheduled to operate at time hj,, where
hy > hy,. To find new energy consumption schedule for user k,
the HEMS associated with user k updates new preference and
current aggregated loads information from all other users. Then,
the HEMS locally calculates new energy consumption schedule
X', constrained by the new preference [ay, 8)] and scheduling
period ®' = {hy, ..., H} as

: H h ’
min by (x5 %_ 8
X;CGXIQ Zh_hllc k ( Kk k) ( )



where the set of feasible energy consumption for user k follows
the new constraints and is updated as

Xl Tyt xk = By xf = 0,V b€ 3\ 3

h,min
Xk

X, = ©)

<xP<x}"VheH,

and H), = {ay, ..., Br}. The resulting schedule consumption is
shared with all other users and the utility for future use. The
proposed algorithm provides a possibility for users to change
their preferences while reducing the energy cost. Note that only
user k’s schedule is changed while all other users’ schedules
remain the same. The example of the proposed single user
rescheduling is illustrated in Fig. 4 where user 1 changed its
preference at time hj from [@4, 8;] to [a], B1]. Then, the new
scheduled time is recalculated and changed from hj to h{",
where other users’ scheduled time remains the same.

B. Case II: Multiple user energy consumption rescheduling

In case II, we further allow the rescheduling algorithm to
alter schedules of other qualified users within their preferences.
That is, after the new schedule for the deviating user is
determined, the schedule of the user m € N\{k} qualifies for
rescheduling if the appliance operation time is scheduled later
than the time that user k requests for rescheduling hy, :

{m| h}, = hj,vm e NM\{k}} (10)
where hy, is the scheduled time of user m’s appliance. Then, if
the preference a,, is earlier than hy,, adjust the preference from
[am, Bm] to [hy, Bim]. Otherwise, use the same preference

[atm, Bl

[aty, Bm], otherwise

[ems ] = { (11)

Thus, the process continues from the single user rescheduling
during operation period, after user k determined the new
schedule and shared with all other users, all users’ associated
HEMS check the conditions in (10). The user that satisfied (10)
updates his preference according to (11) and iteratively
reschedules the energy consumption in (8) until all schedules
are fixed. The user which does not qualify the condition in (10)
only updates the current aggregated load information without
rescheduling.

Fig. 5 shows an example of the proposed multiple user
rescheduling algorithm. After user 1 changed his preference
and determined a new schedule, user 2, 3 and 4 check their
conditions in (10). User 2 scheduled time h3 is before the time
of rescheduling hy. Thus, we cannot change the schedule of
user 2. For user 3 and 4, the condition in (10) is satisfied. User
3 further checks the condition in (11) and adjusts his preference
period to [hY, B3], where user 4 retains his preference period as
[a4, Bs]. Then, user 1, 3 and 4 iteratively recalculate their
schedule according to the procedure described above. The final
scheduled times are shown for each user as h;; .

The advantage of the proposed rescheduling algorithm is
that it can adaptively reschedule power consumption of
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Fig. 3 A diagram of energy consumption scheduling with the proposed
adaptive energy consumption rescheduling
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deviating users and reflects practical scenarios where users’
commitments cannot be guaranteed.

IV. RESULTS AND DISCISSION

We numerically present and assess the performance of the
proposed algorithms. In our considered system, we have 20
users scheduling for the next H = 24 hours. The user
preference values a,, and f3,, are randomly generated for each
user. The energy cost functions are C,(L,) = 0.01L% +
2Ly, for h < 12 and Cn(Ly) = 0.03L% + L, forh > 12 as in
[9]. Each user has a single flexible appliance to be scheduled,
such as a washing machine, dishwasher, etc. The total energy
E,, required for each appliance is randomly selected between 5
and 40kW. We randomly selected users that changed their
preferences from the day-ahead schedules during 8 a.m. to 5
p.m. The deviated preferences values a’,, and B',, are randomly
assigned at a later point in time. To establish a base case, we
consider the case where no rescheduling happens. In this case,
the deviating users randomly consume energy within their
deviated preferences periods. Fig. 6 demonstrates a comparison
of aggregated consumption profiles assigned by the
conventional day-ahead scheduling and consumption profile of
deviating users without rescheduling. The corresponding
aggregated electricity cost in both cases are shown in Fig. 7.
The simulation results show that the total energy cost when
some users deviated their consumption is increased by 5.9%
from 1034.7 cents to 1095.8 cents. This is because the deviating
users consumed energy without taking into consideration the
loads of other users in the community, causing higher peaks and
energy generation cost.

Using these settings, we compared the performance of the
proposed rescheduling algorithms against the base case. Fig. 8
shows comparison of 3 aggregated consumption profiles of 20
users in the cases of no rescheduling, single user rescheduling,
and multiple user rescheduling. The corresponding aggregated
energy cost of the algorithms are shown in Fig. 9. The total
energy cost of the proposed single user rescheduling algorithm
is 1009.7 cents, which is 7.8% reduction compared to the case
of no rescheduling (1095.8 cents). The proposed multiple user
rescheduling further reduced the total energy cost to 1000.5
cents, which is 0.9% reduction compared to the single user
rescheduling case (8.7% reduction compared to the base case of
no rescheduling). The single user rescheduling algorithm uses
new preferences set by the deviating users and recalculates
energy consumption schedules considering the loads of other
users in the community. Thus, the resulting schedules are
assigned in such a way that high demand is avoided during the
same hour and lower the total energy cost. The multiple user
rescheduling algorithm also recalculates the loads of other
qualified users and further flattens the aggregated load profile,
resulting in greater energy cost reduction.

In addition, we compared the total energy cost of our
proposed reschedules algorithms to the case of no rescheduling
by varying the number of deviating users from 1 to 10 (out of
20). Fig. 10 shows the normalized total energy cost for 3 cases;
no rescheduling, single user rescheduling, and multiple user
rescheduling. The results show that when the number of
deviating users increase, the greater the cost reduction that the
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Fig. 6 Comparison of aggregated energy consumption of 20 users for
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proposed rescheduling algorithms achieved. When 50% of
users deviate their preferences, up to 11.4% reduction in cost is
achieved by the proposed multiple user rescheduling. The
marginal energy cost reduction between the single and multiple
user rescheduling indicates that rescheduling the loads of other
qualified users can further help reduce the total energy cost.

These results demonstrate the effectiveness of the proposed
algorithms when it comes to avoid consumption peaks and thus
flattening the total consumption profiles, resulting in lower total
energy costs.

V. CONCLUSION

In this paper, we proposed adaptive energy consumption
rescheduling algorithms for DSM programs. We considered the
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implications of allowing users to deviate from their original
preferences and request new energy consumption schedules
that are different from the assigned day-ahead optimal
schedules. Both a single user and a multiple user energy
consumption rescheduling algorithm were proposed. The single
user rescheduling algorithm recalculates only the deviating
user’s schedule while the multiple user rescheduling algorithm
further recalculates the qualified users’ schedules. Simulation
results confirmed that the proposed rescheduling algorithms
reduce the total energy cost of the community from the
conventional day-ahead scheduling by adaptively rescheduling
user loads in response to their changing preferences.
Furthermore, as the number of deviating users increases, there
are more opportunities to reduce the energy cost. By being able
to address changes in user preferences, the proposed algorithms
will further help DSM programs to achieve a practical
deployment in the future smart grid.
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