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The optimization of energy consumption, with consequent cost reduction, is one of the main challenges
for the present and future smart grid. Demand response (DR) program is expected to be vital in home
energy management system (HEMS) which aims to schedule the operation of appliances to save energy
costs by considering customer convenience as well as characteristics of electric appliances. The DR pro-
gram is a challenging optimization problem especially when the formulations are non-convex or NP-hard
problems. In order to solve this challenging optimization problem efficiently, an effective heuristic
approach is proposed to achieve a near optimal solution with low computational costs. Different from
previously proposed methods in literatures which are not suitable to be run in embedded devices such
as a smart meter. The proposed algorithm can be implemented in an embedded device which has severe
limitations on memory size and computational power, and can get an optimal value in real-time.
Numerical studies were carried out with the data simulating practical scenarios are provided to demon-
strate the effectiveness of the proposed method.

� 2015 Elsevier Ltd. All rights reserved.
Introduction

Over the past decades, energy crisis and environmental pollu-
tion have attracted great attention to energy utilization efficiency
and energy saving. Therefore, new technology, such as demand
response (DR) program, is incorporated into smart grid to improve
the efficiency. The DR program could motivate changes in electric-
ity usage by end-user customers, in response to incentives regard-
ing the electricity prices, energy saving, cost reduction, and
optimization of the grid operation (e.g., by reducing the contribu-
tion of the consumer to the peak load) [1].

Recently, two surveys on DR programs were present in [1,2],
where authors presented comprehensive reviews of various DR
schemes, programs, and models that have been proposed so far.
There has been an extensive research effort on the optimization
models on the DR programs over the past several years.

The DR programs are mainly applied to three sectors: residen-
tial, commercial and industrial consumers [1,3]. In industrial
sector, due to the high energy demand, it is vital to increase power
and voltage efficiency [4,5]. The DR programs were used to
increase the reliability and economic efficiency of the electricity
infrastructure [6,7]. DR methods can help to reduce power
consumption for the commercial consumers whose main
power consumption comes from heating, ventilation and
air-conditioning (HVAC) and electronic equipment. Developing
efficient DR programs in the residential sector have received con-
siderable attention recently [18–23]. In general, the main objective
of the DR program is to minimize the electricity bill or maximize
their satisfaction by allocating available resources and actively
managing the load of the appliances. It is much more complicated
to design an efficient DR program for residential consumers
compared to the to other two sectors. That mainly due to complex
appliance loads and random consumption patterns. These
appliances include heating, ventilation, battery, washing and air
conditioning systems, etc., whose physical models depend on
environmental factors such as the building structure, weather,
and thermal dynamics.

The review of the optimization methods of the DR programs
have been presented in [1], the main target of the optimization
approach is to find an optimal solution under a set of constraints.
The optimization approaches can be classified base on the nature
of both the objectives and constraints. The traditional algorithms
can provide efficient solutions when the optimization problems
are linear or convex. Both an Integer Linear Programming method
[8] and a Mixed Integer Programming method [9] were used to
minimize electricity usage when it was formulated as a linear pro-
gramming problem. Lagrangian algorithms [12,13], Lagrange–
Newton [10], interior point method [11] and Lyapunov techniques
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Nomenclature

H time step h 2 f1;2; . . . ;24g
TOUðhÞ time-of-use price
PgridðhÞ power exchange between main grid and smart

home
PbattðhÞ battery’s output power at hour h
PmsðhÞ power consumption of must-run load
Pshif ðhÞ power consumption of deferrable load
PtmðhÞ power consumption of air conditioner
Pch

battðhÞ, Pdch
battðhÞ battery’s charging and discharging power

Pmax
dch , Pmax

ch battery’s maximum discharging and charging
power

gch; gdch battery’s charge and discharge efficiency
SOCmax, SOCmin battery’s maximum and minimum state of charge
TinðhÞ temperature of indoor

ToutðhÞ temperature of outsider
aa bb appliance work range
d appliance status: 0 off; 1 on
Hi number of time slots required by appliance to

finish task i
NK number of tasks of appliance
di;t binary variable indication the operation status of

task i at time t
PSO particle swarm optimization
BPSO binary particle swarm optimization
HPSO hybrid particle swarm optimization
COPSO cooperative particle swarm optimization
PV photovoltaic generation
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Fig. 1. Architecture of HEMS.
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[14] can obtain good results when the optimization problems
are formulated as convex optimization problems. However, the
aforementioned optimization methods may not find a feasible
solution or the computational times are too high when the
problems belong to non-convex programming, Mixed Integer
Nonlinear Programming or NP-hard problems. For such cases,
heuristic-based evolutionary algorithm can provide a fast and near
optimal solution. A greedy algorithm was applied in [15] to maxi-
mize social welfare by determining the optimal load schedule.
Particle swarm optimization (PSO) was extensively applied to get
fast and near optimal solution for complicated problems
[16,21,24]. For instance, PSO in [16] was applied to intelligently
control the vehicles, as well as the thermal units; the
decision-support energy service model was solved by the hybrid
particle swarm optimization (HPSO) [21]; and the binary particle
swarm optimization (BPSO) algorithm was used to determine
on/off status of the appliances, where the Canonical PSO (CPSO)
is used to determine the hourly continuous energy value of battery
and heating power. Also, several commercial solvers such as CPLEX
and MOSEK were applied to the complex optimization problems in
[18,19,25].

In this paper, we are committed to propose a DR program which
controls various electric appliances. This program can be run in
resource-limited embedded devices such as a smart meter.
Firstly, a mixed discrete–continuous optimization nonlinear prob-
lem is formulated. As previously, commercial software CPLEX or
heuristic algorithms can be applied to solve this complex problem.
However, these commercial solvers such as CPLEX are specialized
optimization packages whose computational requirements are
not suitable to be run in embedded devices such as the smart
meter. While heuristic algorithms, such as the PSO and the greedy
algorithm, are notorious for their slow convergence rate and high
computational cost when the problem is highly constrained. They
cannot guarantee near real-time execution and is not suitable to
run in an embedded device. Therefore, in this paper, a
gradient-based repair PSO optimization technique is proposed to
solve the mixed discrete–continuous nonlinear problem. The
gradient repair method is applied to deal with constraints which
can speed up the PSO and guarantee near real-time execution.

The major distinctive features of this paper can be summarized
as follows.

1. A complex mixed discrete–continuous nonlinear model is pro-
posed and applied to a household scenario. Different from most
studies that consider one or two types of controllable electric
loads, we assume in this paper that the DR program controls
almost all electric appliances. For a systematic illustration, it
is equipped with the following types of appliances: interrupt-
ible appliance, deferrable appliances, multiple operation appli-
ances thermal loads, PV generation and Battery-assisted
appliances. It is more close to practical applications.

2. Instead of solving the complex DR problem with the commer-
cial optimization software. In this paper, we devised a gradient
based PSO that can be implemented on resource constrained
embedded devices with low computation power, and can obtain
near optimal values with near real-time execution. Its perfor-
mance is comparable to the commercial software CPLEX and
superior to the other two proposed heuristic algorithms.

The rest of the paper is organized as follows: Section ‘Mathem
atical model’ provides a brief description of the optimization math-
ematical model; the detailed solution procedure and the method-
ology are proposed in Section ‘Gradient-based PSO for smart
scheduling procedures’; Illustrative case studies are presented in
Section ‘Simulation results’; and the paper is concluded in
Section ‘Conclusions’.

Mathematical model

In this section, the DR program for home energy management
system is briefly described.

Overview of demand response program

Fig. 1 shows the overview of the DR program in a home energy
management system (HEMS).

It is assumed that most electric appliances are networked
together and controlled by the home energy management system.
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The smart home consists of a photovoltaic generator, storage
devices, deferrable electrical loads, thermal loads and must run
electrical loads.

As can been seen from Fig. 1, the HEMS contains four compo-
nents: the DR program, a prediction module, the Control Logic
Unit and the monitor module.

The actual behavior of the appliances is recorded by the monitor
module and the relative environmental variables and the power of
PV generation are calculated by the prediction module according to
the input data from the monitor unit. The DR program, the key of
the HMES software architecture, computes the optimal schedule.
After the optimization process, the control logic unit sends the
planned optimal schedules to the appliances, and directly controls
interruptible appliances and thermal devices.

The whole problem of the DR program is defined as an
optimization problem. By doing so, the modules that consider the
characteristics of the smart home equipment are used and will be
described in the following subsections.

Mathematical model for the demand response problem

In this section, the objective function and constraints for the
scheduling based on the aforementioned models are formulated
as follows:

Objective function
The objective of the scheduling module in the home energy

management system is to determine the best operation schedules
for the deferrable appliances, thermal appliances and the amount
of battery charge for each time step in order to minimize the elec-
tricity cost considering the physical constraints of the appliances.
The objective function is expressed as follows:

Min cost ¼
X24

h¼1

TOUðhÞ � PgridðhÞ
� �

ð1Þ

As can be seen from Eq. (1), it is assumed that the price TOU(h) is
known from the power utilities. Furthermore, there is a power
exchanging constraint between the smart home and the main grid.
Positive values for pgridðhÞ represents purchasing power from the
main grid at the hour h, and negative values for pgridðhÞ represents
the selling power to the main grid at the hour h.

Constraints for appliances
Electrical demand–supply balance: We assume PgirdðhÞ is the

power that the household could buy from or sell to the utility grid,
the power balance constraints as Eq. (2). The loads contain both
thermal appliances and electrical appliances. The electrical appli-
ances can be divided into must-run appliances and deferrable appli-
ances. We assume the must-run electrical loads are not scheduled.
While thermal appliances and deferrable electrical appliances can
be scheduled to avoid peak hours. For each time step, let PmsðhÞ
denotes the total energy consumption of must-run electrical appli-
ances. While ptmðhÞ and pdefeðhÞ represent the thermal consumption
and deferrable appliances energy consumption for one-hour, respec-
tively. PbattðhÞ is the stored energy in the battery and PPVðhÞ is the PV
energy that is exported to the grid.

pgridðhÞ ¼ pbattðhÞ þ pmsðhÞ þ ptmðhÞ þ pdefeðhÞ � ppvðhÞ ð2Þ

Constraints for Battery [19]: In this study, it is assumed that the
battery is a plug-in hybrid electric vehicle (PHEV) and is always
connected to the microgrid. The battery can charge or discharge
under different conditions, so it can avoid peak hours and use
the overall energy more efficiently. Due to the dynamic perfor-
mance of batteries, charge and discharge of batteries are limited.
Eqs. (3) and (4) indicate that the battery’s charging and discharging
power is limited by the maximum power range. gch and gdch are the
efficiency for the battery charging and discharging. The battery
state of the charging (SOC) is used to preserve the battery
life-time. When SOC P SOCmax, no more energy is allowed to be

stored in the battery. Whereas SOC 6 SOCmin, no more energy is
taken from the battery. The SOC requirement of the battery was
present in Eqs. (5)–(7). Their constraints are formulated as follows:

0 6
pch

battðhÞ
gch

6 pmax
ch ð3Þ

0 6 pdch
battðhÞ � gdch 6 pmax

dch ð4Þ

pbattðhÞ ¼
pch

battðhÞ
gch

¼ pdch
battðhÞ � gdch ð5Þ

SOCðhþ 1Þ ¼ SOCðhÞ þ pch
battðhÞ � pdch

battðhÞ
Ebatt

ð6Þ

SOCmin
6 SOCðhÞ 6 SOCmax ð7Þ

Constraints for thermal appliances: According to the thermal
modeling for a building presented in [22], the building tempera-
ture at each hour is obtained by:

Tinðhþ 1Þ ¼ TinðhÞ � e
�D
s þ ðR � ptmðhÞ þ ToutðhÞ � ð1� e

�D
s ÞÞ ð8Þ

where D ¼ 1h and s ¼ RC. The values used are R ¼ 18 �C=kW,
C ¼ 0:525 kW h=�C, and the initial room temperature is 20 �C. The
temperature in the house has a constrain as follows:

Tmin
in 6 TinðhÞ 6 Tmax

in ð9Þ

Constraint for an interruptible appliance: it is assumed the inter-
ruptible appliance has two statues i.e. on and off. Once it is turned
on, it works with the rated power Pa. It has to work for H time
intervals to finish Ea energy within the certain time range [aa; ba],
so the interruptible appliance should meet the following
constraints:

da;t ¼ 0 t R ½aa;ba� ð10Þ

Xt0�1

t¼aa

dt þ dt0 þ
Xba

s¼t0þ1

ds ¼ H ð11Þ

Xba

t¼aa

dt � pa ¼ Ea ð12Þ

Constraints for non-interruptible and deferrable appliances: appli-
ances such as dishwashers usually operate as non-interruptible
and deferrable tasks. Once a task starts, it must be finished
without interruption. Eq. (13) indicates that should be started
within the valid operation window [ai;ai þ ki], in which ki is
the pre-specified tolerable time delaying. Eq. (14) indicates the
non-interruptible characteristic. Eq. (15) indicate that the appli-
ances should work H hours within valid operation window [aa; bb].

Xt0�1

t¼ai

dt þ dt0 þ
Xaiþki

s¼t0þ1

ds P 1 ð13Þ

Xt0þH

s¼t0þ1

ds P H � ðdt0þ1 � dt0 Þ ð14Þ

Xba

t¼aa

dt ¼ H t 2 ½aa; ba� ð15Þ
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Constraints for multiple operation appliances [17]: some appli-
ances may have multiple operation tasks in sequence, the first task
has to be finished before the second task could be started. For
instance, a dishwasher typically carries out three sequential tasks,
i.e., washing, drying, and disinfection, and the washing task must
be done before the drying of disinfection can be started. Eq. (16)
indicates that the appliance has NK number of tasks. Eq. (17)
describes that each operation task Hi of appliance should work
within a valid operation window [aa; ba]. Eq. (18) enforces that
for an appliance with multiple operation tasks in sequence. As
described in Eq. (18), if dk;t0 ¼ 1, all di;t should equal to one where
i ¼ 1; . . . ; k� 1, which means that all its prerequisite tasks have
been fully executed.

H ¼
XNK

i¼1

Hi ð16Þ

Hi ¼
Xba

t¼aa

di;t di;t ¼ 0 t R ½aa;ba� ð17Þ

Xk�1

i¼1

Xba

t¼aa

di;t P
Xk�1

i¼1

Hi � dk;t0
K 2 ½1 . . . NK� ð18Þ
Gradient-based PSO for smart scheduling procedures

Mathematically, the proposed model belongs to a complex
mixed discrete–continuous non-linear problem, which can be
addressed by the proposed PSO evolutionary algorithm. The com-
ponent vectors with real values are optimized using the canonical
PSO, while those with binary values are optimized using the binary
PSO. In order to handle the violation of constraints that increase
the computational complexity, a gradient-based repair method is
embedded to improve convergence speed.

Particle swarm optimization

Particle swarm optimization is a stochastic global optimization
method inspired by the choreography of a bird flock. PSO relies on
the exchange of information between individuals, called particles.
In PSO, each particle adjusts its trajectory towards the positions
with their own previous best performance and the best previous
performance of its neighbors or the whole swarm. For each itera-
tion, the velocity and position updating rules are given by:

v tþ1
i;j ¼ wv t

i;j þ c1r1ðpbestt
i;j � xt

i;jÞ þ c2r2ðgbestt
j � xt

i;jÞ ð19Þ

xtþ1
i;j ¼ xt

i;j þ v t
i;j ð20Þ

where w is an inertia weight factor, c1 is a cognition weight factor,
c2 is a social weight factor, r1 and r2 are two random numbers uni-
formly distributed in the range of [0,1]. In this version, the variable
Vi;j is limited to the range �Vmax. M. Clerc introduced the velocity
adjustment as:

v tþ1
i;j ¼ vðv t

i;j þ c1r1ðpbestt
i;j � xt

i;jÞ þ c2r2ðgbestt
j � xt

i;jÞÞ ð21Þ

where v ¼ 2k=j2�u�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
u2 � 4u

p
j with u ¼ c1 þ c2 > 4.

Due to the constriction coefficient v, the algorithm requires no
explicit limits. Eq. (21) is analyzed in [26] and concluded that the
interval [0.72,0.86] is a reasonably good choice for v. So, the abso-
lute value of the Gaussian probability distribution with zero mean
and unit variance abs ðNð0;1ÞÞ is introduced into the velocity equa-
tion. The velocity adjustment is defined as:

v tþ1
i;j ¼ R1ðpbestt

i;j � xt
i;jÞ þ R2ðgbestt

j � xt
i;jÞ ð22Þ
where R1 and R2 are generated using abs ðNð0;1ÞÞ. According to the
statistical knowledge, the mean of abs ðNð0;1ÞÞ is 0.798 and the
variance is 0.36.

In [27], PSO was extended to solve binary-valued optimization
problems. In binary PSO, the speed of a particle coordinate is
mapped to a probability using a sigmoid function,

sðv tÞ ¼ 1
1þ expð�v tÞ ð23Þ

and the resulting probability determines whether the coordinate
would take a value of 1 or 0. If sðv tÞ > randðÞ, then the coordinate
will be 1, otherwise 0; v t is constrained within the range
[�Vmax;Vmax].

Gradient-based constraints repair method

The traditional handling strategy for a constraint problem is
the penalty function method, in which a penalty function is
applied to convert a constrained problem into an unconstraint
one. Though the penalty function is convenient, the procedure
for the fine tuning of penalty factors would result in a high com-
putation cost. Besides, the current solution may not always fully
satisfy the different constraints. In order to overcome the draw-
backs of the penalty function method, a gradient-based repair
method is proposed in this paper. The gradient-based repair
method was proposed by Chootinan and Chen [28]. The main
idea of the gradient-based repair method is to utilize the gradi-
ent information to direct the optimization toward the feasible
region. Let the vector of the constraint functions CðxÞ consist of
inequality constraints ðgÞ and equality constraints ðhÞ for the
problem. The vector of constraint violations D CðxÞ; CðxÞ and
the increment of a point x to satisfy constraints Dx are defined
as follows [21]:

CðxÞ ¼ ðg1ðxÞ . . . gqðxÞhqþ1ðxÞ . . . hmðxÞÞT ð24Þ

DCðxÞ ¼ ðDg1ðxÞ . . . DgqðxÞhqþ1ðxÞ . . . hmðxÞÞT ð25Þ

rCðxÞDx ¼ �DCðxÞ Dx ¼ �rCðxÞ�1DCðxÞ ð26Þ

where DgjðxÞ ¼ maxðf0; gjðxÞg. And rCðxÞ is the gradient matrix of
CðxÞ.

rCðxÞ ¼

@g1ðxÞ
@x1

@g1ðxÞ
@x2

� � � @g1ðxÞ
@xn

..

. ..
.

� � � ..
.

@gqðxÞ
@x1

@gqðxÞ
@x2

� � � @gqðxÞ
@xn

@hqþ1ðxÞ
@x1

@hqþ1ðxÞ
@x2

� � � @gqþ1ðxÞ
@xn

..

. ..
.

� � � ..
.

@hmðxÞ
@x1

@hmðxÞ
@x2

� � � @hmðxÞ
@xn

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA

ð27Þ

To correct the infeasible solution, each individual value of the
solution vector has to be adjusted according to Eq. (26) to mini-
mize the amount of constraint violation. After Dx is obtained, a
new vector can be obtained as follows:

xnew ¼ xþ Dx ð28Þ

In general, the adjustment might not be able to improve the
solutions immediately due to the numerous constraints and
non-linearity of the constraints. For the general case, the adjust-
ment has to be repeated until all constraints are satisfied or the
adjustment is insignificant [29].

The repair procedure, coupled with PSO is shown in Fig. 2. The
detailed steps are given as follows:
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Table 2
Assume values for parameters.

Parameter Value Unit

Tmin
in ; Tmax

in
25, 26 �C

Initial room temperature 20 �C
Pmax

ch ; Pmax
dch 5, 5 kW

gch; gdch 0.9, 0.9 %
SOCmin; SOCmax 0.3, 0.9 p.u.
Minimum and maximum power

absorbable from the network
�5, 5 KW

Ebatt 6.86 KW

Table 1
Data for residential appliances.

Parameter Tstart Tend PðwÞ DurationðhourÞ

Interruptible appliance 9 24 1500 3
Non-interruptible and deferrable

appliance
12 22 1000 4

Multiple operation task appliance 5 23 1000,
1000

2

2000,
2000

2

Start

Initialization population

Calculation and PSO update
(1)Constraint fitness priority-based ranking
method
(2)Updata Best and Pbest

Constraint handling
methods

End

Termination?
No

Fig. 2. The flowchart of proposed repair-based PSO.
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1. Initialization population
The PSO generates N number of initial random population of

particles. Each particle randomly generates Xdis number of dimen-
sions, where Xdis ¼ fXbattery½1 . . . 24g;Xtm½1 . . . 24�;Xgrid½1 . . . 24�;
Xinte½1 . . . 24�;Xdefe½1 . . . 24�;Xmul½1 . . . 24�g. It has both continuous
and binary values. The continuous values fXbattery½1 . . . 24�;
Xtm½1 . . . 24�;Xgrid½1 . . . 24�g determine the hourly charging or dis-
charging rates of the battery, the hourly power of the thermal
appliances and power exchange from the main gird over the sched-
ule horizons, while the binary value fXinte½1 . . . 24�;Xdefe½1 . . . 24�;
Xmul½1 . . . 24�g determines whether the three kinds of deferrable
appliances are run at each hour over the operation horizons. In this
paper, the operation is assumed to be 24 h.

2. Constraint handling methods
For each particle generation, if the particle violates the con-

straints, the gradient-based repair method is implemented several
times to direct the unfeasible solution toward the feasible region.
However, there may be instances when the repair method failed
to move the solution to the feasible region. In such cases, the
unfeasible solutions are left alone and the process continues onto
the next step.

The gradient repair procedure can be summarized as follows:

Step 1: For any solution, determine the degree of constraint viola-
tion DCðxÞ, if the solution is infeasible, go to step 2, other-
wise return.

Step 2: Compute rC xð Þ�1 and Dx according to Eq. (26).
Step 3: Update the solution vector by xnew ¼ xþ Dx.
Step 4: Evaluate the updated solution vector. If solution is still

infeasible, set t ¼ t þ 1, and go to step 1, otherwise return.

3. Calculation and PSO update
The constraint fitness priority-based ranking method then eval-

uates the constraint fitness value of each particle and ranks them
according their constraint fitness value. If two particles have the
same constraint fitness values, their objective fitness values are
compared in order to determine their relative positions. The global
and personal best particles are selected and the PSO operators are
applied according to Eqs. (20), (22)–(25), for the creation of the
new population. Comparing the population of the new generation
with the one of the previous generation, the best particles are
selected as the new generation.
4. Termination
The PSO algorithm terminates when it has exceeded the maxi-

mum number of generations or when a better solution than the
current best solution cannot be found for a certain number of
generations.

Simulation results

Due to the complexity of the building mathematical model,
both the commercial software CPLEX and the PSO algorithms have
been used to solve the demand response program in the above-
mentioned literatures. Thus, in this section, the results of CPLEX,
the abovementioned PSO algorithm and the proposed
gradient-based PSO algorithm experimental campaigns are pre-
sented. The abovementioned algorithms are programmed using
the C++ programming language. All testes have been performed
on a PC with an Intel dual core processor 2.6 GHz on a Windows
XP operation system.

Here one typical residential environment is presented. The sce-
nario is composed of a photovoltaic system, one battery system,
one thermal appliance, one interruptible appliance, one
non-interruptible and deferrable appliance and one multiple oper-
ation task appliance. The parameters are shown in both Tables 1
and 2. Fig. 3 shows the total electrical demand by the must-run
appliances, prediction PV generation and the price of electricity
supplied to terminal loads [21].

Algorithm analysis

In order to better understand the performance of the proposed
algorithm, four cases are studied and compared.

Case (1) The optimization formulation is solved by the commer-
cial solver CPLEX [11].

Case (2) The optimization formulation is solved by the hybrid
PSO algorithm (HPSO) which is proposed to deal with
the demand response program in [16] with a population
of 200.

Case (3) The optimization formulation is solved by the coopera-
tive PSO (COPSO) algorithm which is proposed to solve
the demand response program in [21]. We use three

YA MAHDI
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Fig. 3. (A) prediction PV generation, (B) must-run electrical demand, and (C) the
price of electricity.
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swarms, each with 200 particles, to determine the opti-
mal operation schedules.

Case (4) The optimization formulation is solved by the
gradient-based PSO with a population of 200.

Each case is executed for ten times, and the average is recorded.
The performances are compared and summarized in Table 3.

Both the feasible and best solutions are studied to judge the
speed and convergence characteristics of the algorithm. The feasi-
ble solution denotes the first time to obtain the solution which sat-
isfies all constraints. While the final best value is obtained when
there are 100 times the relative optimal value improvement is no
more than 0.001.

As shown in Table 3, both the gradient-based PSO and CPLEX
require less than 0.1 s to obtain a feasible solution which is very
important for the demand response program to guarantee the
near real-time execution. The gradient-based PSO needs
4.5015 s to get an average optimal value, which means the cost
is a little higher than CPLEX. This simulation result indicates the
gradient-based PSO can rapidly converge to the nearly optimal
value.

On the other hand, it can be observed that both the HPSO and
the cooperative PSO take more than 2 s to get the feasible solution
which is much longer then CPLEX and gradient based PSO. Also,
their average best solutions are 23.9797 and 24.4585, respectively,
which is much higher than both the CPLEX and gradient-based
PSO. The cooperative PSO consumes averagely 9.628 s to obtain
23.9797, the best value which is much larger than gradient base
PSO. The reason is that the cooperative coevolution can help PSO
to converge quickly to a local optimal value, but particles will also
give up attempting for exploration and stagnate for the rest of the
Table 3
Comparison between different algorithms.

Best
solution

Average
solution

Cpu
time (s)

Feasible
solution

Cpu
time (s)

CPLEX [11] 18.8861 18.8861 0.015 18.8861 0.015
Gradient

based PSO
19.8854 20.1567 4.5015 21.8602 0.093

COPSO [21] 22.7191 23.9797 9.628 26.1069 2.934
HPSO [16] 23.005 24.4585 26.4433 26.6892 2.64
evolution process. The HPSO algorithm expends the most time but
have the worst value.

By observing the results, the proposed gradient based PSO
requires the least time to achieve the optimal value compared to
the other two heuristic algorithms which are proposed to deal with
DR programs in [16,21]. Its performance is comparable to the com-
mercial software CPLEX. Thus, it can be stated that the proposed
gradient based PSO is feasible instead of CPLEX for the integration
with DR programs.
Schedule procedure

Due to the uncertainties of the power consumed by household
loads and power provided by the solar panels, there is discrep-
ancy between the forecast and real power consumption. So a
dynamic procedure should be implemented to handle practical
optimization problems. The flow diagram of the dynamic opti-
mization procedure is represented in the flow diagram shown
in Fig. 4.

When an error or interruption occurs which is non-negligible,
the system updates all of the previous tasks, traces the amount
of time for which a task operated in the past, deletes from the task
list the completed ones, and the scenario should be rescheduled.
However, it becomes computationally expensive if too many errors
occur. In order to guarantee near real-time execution (NRT), the
gradient-based PSO is to compute the best solution at the begin
step, while the feasible solution is obtained that is fast enough to
achieve NRT responsiveness, even the optimum solution is no
longer guaranteed.

Two kinds of scheduling were studied to reveal the optimiza-
tion procedure. The initial scheduling was executed at the begin-
ning of the day. After the first scheduling we suppose that one
error or interruption occurs in the simulation. With the interrup-
tion we suppose that there was 3 kW energy predicated error at
18:00, so the procedure should be rescheduled to satisfy the
constraints.

The demand response (DR) program for HEMS provides a
smart home with an optimal schedule for each energy resource.
The simulation studies show that the algorithm can achieve
No Error or 
Interrupt rescheduling

Updata task list

End

Yes

Fig. 4. Flow diagram of the dynamic optimization procedure.
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the optimal results under the constraints. As shown in Fig. 5(b),
the temperature within the building has been set within the
desired temperature (i.e., 25–26 �C). The overall energy cost can
be reduced by setting the indoor temperature at a high value dur-
ing low electricity price [0:00–4:00]. The output power is
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Fig. 7. Rescheduling when an error occurs, (A) power from main grid, (B) power from
interruptible appliance, and (F) multiple operation appliance.
proportional to the difference between the outdoor and indoor
temperatures.

The battery output power and exchange power from main grid
are plotted in Fig. 6. The positive values represent battery charging
and buy power from main grid, respectively, and the negative val-
ues represent battery discharging and sell power to main grid,
respectively. As expected, the battery plays an important role in
achieving economic operation in the demand response program.
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The battery charges at low electricity price and discharges at peak
price to save costs. As can be seen from Fig. 6, the battery system
keeps the charging state when electricity price is at a low level
(0:00–5:00, 19:00–23:00). When the loads cannot fully consume
the power generated by PV, the battery stores excessive power
(8:00–14:00). In addition, the battery system has effectively sell
power to the grid to reduce their bills during peak hours (5:00–
7:00, 14:00–16:00).

When a prediction error occurs at 12:00, the demand
response program must consider the changing in the scenario,
so the gradient-based algorithm must be rescheduled. The
results are presented in Fig. 7. The green line denotes the initial
schedule results of the appliances, while the red line represents
the rescheduled results after an error occurs. As can be seen
from Fig. 7, due to the non-interruptible characteristic of the
deferrable appliance (D), it is deleted from the task list and is
not rescheduled. While the interruptible appliance (E), multiple
operation appliance (F), battery (B) and thermal appliance
update all of the previous tasks, and are repeated for the
remaining time slots to finish the process. After the update of
all the parameters of the system, the optimization procedure will
be rescheduled and the new solution will satisfy the new
constraints. After rescheduling, the interruptible appliance (E)
work operation is delayed from 12:00 to 1:00 to avoid the
prediction error occurs at 12:00. Also, battery system (B), ther-
mal load (C) and main grid (A) take the corresponding changes
to meet the new constraints.
Conclusions

In this paper, an optimization model for a household appliance
operation scheduling has been proposed. The proposed model has
been designed for scheduling almost all kinds of electric
appliances. For a systematic illustration, the following types of
appliances are assumed: interruptible appliances, deferrable
appliances, multiple operation appliances, thermal appliances, PV
generation and Battery-assisted appliances.

Since the problem is a complex mixed discrete–continuous
nonlinear optimization problem, both commercial software
and heuristic algorithms were adopted to solve this
constrained optimization problem. We have developed an algo-
rithm that can be run in devices such as a smart meter that
may has severe limitations in computational power. A
gradient-based repair PSO algorithm has been proposed to
achieve near optimal solutions with greatly reduced computa-
tional cost compared with the other proposed heuristic
algorithms. The proposed method is compared with CPLEX,
which is a specialized optimization package whose computa-
tional requirements cannot be easily implemented on a real
electrical device. An extensive simulation study has been per-
formed in a practical dynamic environment. The results of
the simulation study show the proposed algorithm are quite
effective for real applications.
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