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Abstract—In this paper a new approach which is based on a
collaborative system of MicroGrids (MG?’s), is proposed to enable
household appliance scheduling. To achieve this, appliances are
categorized into flexible and non-flexible Deferrable Loads (DL’s),
according to their electrical components. We propose a dynamic
scheduling algorithm where users can systematically manage the
operation of their electric appliances. The main challenge is
to develop a flattening function calculus (reshaping) for both
flexible and non-flexible DL’s. In addition, implementation of
the proposed algorithm would require dynamically analyzing
two successive multi-objective optimization (MOO) problems.
The first targets the activation schedule of non-flexible DL’s
and the second deals with the power profiles of flexible DL’s.
The MOO problems are resolved by using a fast and elitist
multi-objective genetic algorithm (NSGA-II). Finally, in order
to show the efficiency of the proposed approach, a case study of
a collaborative system that consists of 40 MG’s registered in the
load curve for the flattening program has been developed. The
results verify that the load curve can indeed become very flat by
applying the proposed scheduling approach.

Index Terms—Demand side management; demand flattening
function; Fourier transform; multiobjective optimization; smart
grid; dynamic scheduling; NSGA-II.

NOMENCLATURE

Major Abbreviations

MG MicroGrid

RES Renewable Energy Source
DSM Demand side management
SCP Smart Control Panel

LC Load Controller

DL Deferrable Load

FDL Flexible DL

NDL Non-flexible DL

NSGA-II  Fast and Elitist Multiobjective Genetic Algorithm

Major Symbols

1 Non-flexible Deferrable Load (NDL), i € Z = {1,...,1}
j Flexible Deferrable Load (FDL), j € J ={1,...,J}

T Period of NDLs scheduling

T Period of FDLs scheduling

T Scheduled activation of the NDL %

Plug-in time of the NDL ¢

P/ Rated power of load i € 7

Q; Operating duration of load ¢ € 7

R; Scheduled profile of the FDL j, R; = {R;(1),..., R;(T")}

R; Upper bound on R;
R; Lower bound on R;
E; Needed energy to be supplied on period T”
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I. INTRODUCTION

CHIEVING energy conservation would require devel-
oping an efficient control strategy of in-home appli-
ances, especially in the presence of increasing ownership
of distributed generation, such as renewable energy sources.
The recent availability of smart home appliances supported
by communicant networking was the main force behind the
growing interest in developing advanced DSM [1[]-[3]]. While
there has been a great deal of work done, particularly on
wireless communication technologies for smart grid [4]-[11],
the main challenge is the use of DSM as an efficient tool
for load shaping in order to allow electrical appliances to
operate during certain time frames (e.g. a day or a part of
day) [12]], [13]]. Bear in mind that a DSM design strategy has
to rely on the optimization of different objective functions,
which also depend on the involvement of an operator. In fact,
the main reason behind such an optimization is to reduce
the gap between the valley and the peak of the demand
curve [14]]. In the case of renewable generations, this can be
based on tracking the power generation curve [[15[], [16]. From
the point of view of the system operator, for instance, [[15]]
presents an analytic study of centralized load dispatch, which
is based on unit commitment and power reserve requirements
of the power system. Further studies have been conducted
for handling DSM strategies that use residential appliances
currently available on the market [17]-[19]. With respect to
the home energy management system, [20] discusses a trade-
off between expected costs and the risk of electricity price
uncertainties. The authors in [21]], propose a home appliance
scheduling approach which uses a stochastic formulation of
the consumed power cost. Other studies consider a tertiary
operation between the electricity provider and the consumer as
an aggregation operator. One example is the study presented
in [22] for a large number of residential users and several
aggregation operators. It is based on a pricing structure that
allows the customer the choice of electricity supplier in a fully
deregulated market scenario. In addition, the study in [23]] aims
at reaching an adequate number of small energy consumers
in order to quantify the trade-off between load control and
tolerable service delays.
Since the main purpose behind DSM is to control power
consumption by minimizing power peaks [7[, [17], [22],
several household appliance manufacturers have already intro-
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duced smart equipment, such as smart washing machine, dryer,
heat water, dishwasher, electric vehicle battery, etc. Taking
advantage of these functionalities, residential DSM could
efficiently contribute to reshaping the electric demand curve.
Most strategies developed so far have primarily concentrated
on using DSM for tracking of a specific generation curve,
especially in the case of large renewable sources which are
mostly based on pricing [[13]. In addition, there are some
studies that focus mainly on the use of electrical vehicle
charging strategies to fill the valley of total load curve [24]-
[26]. In fact, these programs can indeed provide a reciprocal
benefit to both the grid operator and program participants. For
example, incentives such as bill reduction can be offered to
program participants. Also, they can further benefit by sharing
renewable sources in the form of collaborative microgrids,
such as balancing renewable source generation.

The study presented in this paper proposes a novel schedul-
ing approach that is aimed at minimizing the typical deviation
of consumed power over a period 7', as the optimization
objective. The main purpose behind the optimization problem
is to calculate the delay of each deferrable load. Therefore,
the first contribution of this work is the categorization of
household appliances into flexible and non-flexible deferrable
loads depending on their electrical components. The power
profile of these appliances is then presented as a sum of
several rectangular pulse functions. The second contribution
is developing an analysis of the flattening function of the
standard deviation of consumed power over a certain period
of time using Fourier Transform for the power profile of
each appliance. Then, by using the Parseval theorem”, the
flattening function has been simplified to form a summation
of simple functions. In addition, non-deferrable loads, such
as unscheduled loads and renewable source generation have
been presented as a predicted curve. The final contribution is
developing a dynamic scheduling algorithm based on the reso-
lution of two successive multiobjective optimization problems.
The first optimization aims at simultaneously minimizing the
flattening function and typical deviation of non-flexible DL’s
delays. The second deals with the simultaneous optimization of
flexible DL’s power standard deviation and a satisfactory error
rate. NSGA-II [27]] has been used to solve both aforementioned
problems. It should be noted that the proposed scheduling
approach can be applied to both centralized and distributed
control systems. Finally, the proposed approach has been
deployed in order to schedule dishwashers as non-flexible
DL’s and water heaters as flexible DL’s of a community
of 40 users. An example of non-deferrable loads with PV
generation has been simulated showing the validity of the
proposed approach for tracking a curve generation. To the
best of our knowledge, the proposed appliance scheduling
approach is the first work aiming to smooth the total load curve
using household appliance. Therefore, the results discussion is
based only on comparing the proposed approach results to the
original data in the absence of DSM.

The paper is structured as follows: Section presents
the context of the proposed scenario and the modeling of

household appliances. Section [[II| develops the formulation of
dynamic flattening function optimization followed by experi-
mentation set up and results in Section Finally, Section
provides the conclusion and some perspectives.

II. DSM-BASED COLLABORATIVE SMART BUILDING

Currently, the idea of designing collaborative smart build-
ings is becoming a real challenge. Indeed, the emergence
of power systems toward smart grids and the growing use
of smart household appliances are the main driving forces
towards the use of demand side management. This can have a
major impact on the way in which future buildings will oper-
ate. The proposed DSM-Based collaborative smart building is
assumed to be composed of several collaborative microgrids
that are capable of controlling their own electrical appliances
in the framework of demand side management. This would
permit the system manager to decide on the activation and
operation of their deferrable loads.

A. Description of collaborative smart building

Let us consider a scenario of a set A/ microgrids operating in
a collaborative framework conducted by an electricity provider
as shown in Fig. [I] Each microgrid has a set of schedulable
loads which can be activated over a given period. Consider
that each MG is equipped by a Smart Control Panel and Load
Control for each schedulable appliance. LC’s are controlled
by SCP in order to execute decisions about the scheduled
activation time of loads in set Z and the the scheduled power
profile of loads in set 7. The SCP is the general controller in
each MG. It is designed to collect all the power consumption
information sent from LC’s of the same MG and will then
communicate the shared information to the operating center.

B. Deferrable loads modeling

A deferrable load is a load that needs to be supplied for
part of the day and can be deferred in time. This type of
load can be used by residential, commercial or industrial
consumers. Currently, with the increased awareness of energy
efficiency, most electrical equipment are designed with differ-
ent power levels. Mainly, household appliances are equipped
with different sensors providing information about the required
energy to achieve a certain task for a given duration. For
example, electrical vehicle batteries, air-conditioners, tumble
dryers, electric water heaters, fridges, and freezers that are
currently available in the market, have several levels of power
consumption (e.g., 9-level for fridges and freezers). Therefore,
it can be considered that the supply of a smart appliance as a
combination of several loads supplied for a defined duration
beginning at the time of the first power segment activation.
Now, let’s consider the operation of two types of household
machines where the first uses an ordered multi power level
(such as a dishwasher) and the other needing only to achieve
a necessary energy level during a given period of time (such
as a heat water).
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Fig. 1: Collaborative Smart building

1) Smart Dishwasher: Currently most machines have four
operational power levels, depending on the stage in which they
operate. In the Pre-Wash stage, the machine sprays water onto
the dishes to loosen soil particles. At this stage it operates
at medium power (level 2). For the Main Wash, once the
water reaches the desired temperature followed by mixing
detergent to form a solution, the machine then operates at
the higher level (level 3). The lowest power level (level 1)
is triggered during the Intermediate Rinsing Cycles, removal
of residues remaining on the surface of the machine, and/or
when the loads are rinsed with fresh water. Finally, at the Final
Rinse/Drying Cycle stage, rinse aid is added and the water
is heated up. Then, the water is removed and the load dried
by the remaining heat. At this stage the machine operates at
level 4. This category of appliances is defined as Non-flexible
Deferrable Loads. Other appliances operating as NDL include
washing machines and dryers, which use electrical motors for
their operations.

2) Smart Heat Water: The manufacture of this type of
appliance is based on heat production using resistive compo-
nents. Therefore, they can easily operate at any desired power
by simply changing the resistance value with a controllable
rheostat. Currently, several water heater products are equipped
with smart grid adaptive positioning that can be used for
future utility management. This category is defined as Flexible
Deferrable Loads, which includes mainly appliances whose
functioning is based on resistive components.

C. Non-deferrable loads modeling

It should be noted that there are always some non-
programmable class of loads, such as lighting, television,
computer, etc., where their usage is randomly activated and
therefore cannot be scheduled over a specific period of time.

However, in most cases their operation can be forecast
at several increments (a day-ahead, an hour-ahead, or even
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o
= |
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Fig. 2: 1-level load operating cycle

minutes ahead). Furthermore, in the case of renewable sources
that normally produce variable and non-controllable energy,
the generated power is considered as a negative load. There-
fore, in our model the total non-deferrable load is defined as
the summation of two types of loads: non-programmable and
renewable.

D. Load curve flattening

Non-flexible DL’s are deferrable over time with unchange-
able power shape, while flexible DL’s are only constrained
by the supply of required energy over a specific duration,
regardless of the power shape. Therefore, non-flexible DL’s
are less manageable than flexible DL’s. Here an analysis of
the load flattening function in the case of a Non-flexible DL
is introduced for 1-level and N-level appliances. This is then
followed by the formulation of the flattening function of a
flexible DL.

1) flattening function of 1-level appliances: Consider the
case of a set Z of 1-level appliances. The power profile of
a load 7 in Z can be modeled as a unified square function
multiplied by the rated power P of load ¢ for a time interval

0885-8950 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TPWRS.2016.2613479, IEEE

Transactions on Power Systems

/ <Zplt—n>2dt (1)

i€

where 7 = {7;};c7 is the vector of activation schedule of
the plugged appliances. By using the transform of Fourier of

a pulse p;(t — 1),

pilt = 7) <5 Pi(w) exp (—jwr;) )
with
P;(w) = P! a;sinc(a;w/2)
and
_
e

Then, according to Parseval theorem,

1 2
27r/ < )dw 3)

The equations (T8), (I9), 20) and I, in the Appendix,

develop the calculus detail of the integral which reaches the
following formulation of flattening function,

f(r) = w) exp (—jwT;)

> Piw)

1€L

Fr)= >0 PIPL(=aw | = b |+ | cin | + | din |)

k€T
“4)
with,
Qi = (s ;Oék) + (1 — 7%)
o; — &
b = ¢ 5 2 5)
Cikk = (0 —;ak) + (13 — k)
o; + o
dip = ( > k) — (ri — ™)

2) flattening function of N-level appliances: Let’s consider
a set Z of N-level appliances that operates according to a
specified duty cycle with N levels of power consumption (Fig.
[B). The power consumption of an N-level appliance can be
expressed as follows,

pit —75) = Y0t pu,(t— 7)) (6)
where
Ti n; = 1
= 7
Tni {Tz—f—z 104m1 n; > 1 @

This form allows to consider each level of a N-level load
as a set of V 1-level loads. Then, the flattening function of a
set Z of N-level appliances is given in (g),

/ (Z me —Tn.) >2dt ®)

1€Z n=1
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Fig. 3: N-level load operating cycle

By analogy with the function in (I), (8) can be expressed
as,

f(T):szEIanEMPTPT ( |a’ni7mk|"' (9)
= | bngmy |+ | Cnima | + 1 dngomy |)
with,

. — Oy

An; my, = (@, B ) + (Tn = T )

b mi (an, ;amk) = (Tns = T )
Q. +

Cnimyp, ( e D) mk) + (Tni - ka)

dnsmy, = (an, —;O‘mk) (Tni = Timg)

3) flattening function of flexible appliances: In this case,
consider a set J = {1,...,J} of flexible loads and T" the
operating period of these loads. The power profile of this
kind of load can change over time according to the specific
scheduling strategy and is constrained only by achieving the
required energy FE; over the period 7”. Fig. 4 shows two
possible power profiles (Figs. fal and b)) of the same required
energy to supply a given appliance. It is assumed that a
base load power P(t') has already been scheduled. Later,
P(t") notices the required power for supplying the non-flexible
DL. Under these conditions, the flattening function can be
expressed as follows,

2

)+ 3 Bi(E)

NSV

g(R) =

>

t'e{t,...,t+T"}

where R = {R;}{jc 7} is the power profiles of the set J of
flexible DLs with R; = {R;(t),..., R;(t+1")} representing
the power values of the appliances j € J = {1,...,J}. Note
that the power profile of each appliance has to achieve the
requested energy E; over the period 7”.

4) flattening function of non-deferrable loads: The power
profile of this type of loads cannot be reshaped either for
unscheduled loads or renewable sources generation, but can
be only treated as a predicted load. Moreover, the forecasts
of these loads are calculated periodically, for instance, each
15 minutes. Thus, the power curve of residual load can be
approximated by its predicted value over N = 96 time
intervals. Consequently, this type of loads can be approximated
by an N-level appliance with a delay activation time equals
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Fig. 5: Power generation of EMI’s Photovoltaic plant during
the day of January 29th, 2016 [28]).

to null value (1 = «/2). Fig illustrates an example of
a photovoltaic power generation curve with power capacity
of 6kW. In this paper, only the case of photovoltaic plant
as example of non-deferrable loads is considered by lack of
forecasts data of other loads in this class. However, there is no
restriction and any forecasts of a power profile can be studied
in the same way as the photovoltaic power profile.

III. DYNAMIC FLATTENING FUNCTION OPTIMIZATION

The dynamic aspect of load flattening is mainly concerned
with verifying the readiness of household equipment to be
supplied in the next period. This dynamic occurs at each
iteration ¢ and after each time step At =T’ where T < T is
the period of flexible DL’s. The algorithm assigns an activation
moment to the set of appliances involved in optimization of the
flattening function. Therefore, the dynamic flattening function
is based on the adaptation of the previous defined function

with a variable integration interval, from [0; 7] to [¢;¢ + 7).
Therefore, the dynamic flattening function would be the same
as (E[), except in this case 7,,, where it is substituted by 7,
as defined in (T2).

t+T N; 2
f(Tv t) = /t <Z me (u - Tm)) du (10)

i€Z n=1

By using this variable change u < u — ¢, the function in
(I0) can be given as,

T N; 2
f(‘r,t):/o <22pm(u—n’l?)> du (11)

1€Z n=1

where

/
Tn P

(12)

=Tp, — t

A. Dynamic flattening function optimization

Since the proposed approach deals with two different load
categories (flexible and non-flexible DL), the optimization
problem is defined at two stages to resolve two successive
optimization problems as described in the proposed appli-
ances scheduling algorithm. The first optimization problem
(sub-problem 1) reaches optimal activation time 7°P! =
{7"} jiexy of the first loads category ( Non-flexible DL’s).
This optimization aims at achieving simultaneous minimiza-
tion of both the flattening function f(¢,7) (10) and the
standard deviation of the loads activation delay I(7) (14).
While the second optimization problem (sub-problem 2) deals
with flexible DL’s by searching for R = { RZ” "}jesy that
minimizes the standard deviation of both the peak power g(R)
(T6) and the satisfaction error of the needed supplied energy
s(R) . The algorithm is running dynamically in order to
take in account the dynamic aspect of the appliances plug-in.

B. Optimization method

Solving both optimization problems defined in the proposed
algorithm would require deploying a suitable multiobjective
optimization method. In this approach fast and elitist mul-
tiobjective genetic algorithm; NSGA-II [27] is used. This
algorithm is known for its efficiency in solving multiobjective
problems [29]-[31]]. It should be noted that NSGA-II is the
second version of NSGA that overcomes the computation com-
plexity, as well as the non-elitist characteristic of its solutions
[26]. Based on features of this optimization method, it is first
defined the parameters of the deployed method, mainly the
number of generations and the size of the population which
corresponds to the size of solution set, called also Pareto set.
Then, the range of variation of the decision vector (DV), as
well as the initial values are determined. For the sub-prob
1, the DV corresponds to the activation moment of NDLs
7 = {Ti}{iezy While, for sub-prob 2, it corresponds to the
power profile of FDLs R = {Rj;}{jcy). After that, the
optimization objectives of each sub-prob are defined in order
to be evaluated during the process of NSGA-II, according
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Algorithm: Dynamic Appliances Scheduling

1: INPUT: Period of NDL T, Period of FDL 7", Rated
power P and Operating duration «; for all NDLs, Lower
and uper bounbs R; and R; for all FDLs

2. OUTPUT:  Scheduled activation of NDL 7o' =

{7""}iczy, Power profile of FDL R = {R}"'} (je 7).

PROCEDURE:
for t =to to T do
Check plugged NDL appliances Z'(t)
T+ TUT'(t)
Calculate f(t,7) for all i € Z as defined in
Optimize Sub-Problem 1:

{ minlf(t,7),1(7)]

st. t<T<t+T

(98]

A

(13)
where:

()= (r — ") (14)

i,m

9: fori=1to I do

10: if;, >T— 22:1 Q. then
11: T+ T\ {i}
12: end if

13:  end for

14:  Check plugged FDL appliances 7 (t)

15:  Read current needed energy Ej(t) for all j € J(t)
16:  Calculate P(t) = Zpi (t—m)

i€Z
17:  Check plugged appliances in J
18:  Optimize Sub-Problem 2

min_ [g(R),s(R)]
Ri,...R; _ ) (15)
s.t. &<Rj < Rj;, for jeJ,
where:
2
gR)= P()+ > Ri(t")| (16)
t'eft,...,t+T'} JjET
and
2
s(R) =) > Ri()-E®) | an

JET \te{t,.. t+T'}

19: te—t+T1"
20: end for

to the flow chart of the proposed method shown in Fig.
[6l The final goal of the method is to present the optimal
solutions corresponding to the objectives of each sub-problem:
7Pt = {777} (;ezy for sub-prob 1 and RoP! = {R;»’pt}{jej}
for sub-prob 2. Since these are multiobjective problems, the
solution for each is a set of non-dominated solutions called
“Pareto solutions”. The basic operations of NSGA-II are as

Initialize population }

Sub-Prob 1: 7 = {7i } {ic)
Sub-Prob 2: R = {R;} e
Evaluate objective functions
Sub-Prob 1: [f(t,7),l(7)] (15)
Sub-Prob 2: [g(R),s(R)] (17)

[ Rank population ]

Crossover

Stopping
criteria
met?

Mutation

i

Evaluate objective functions

l

J
Combine parent ]
]
]

and child population

I

Rank population

I

Select N individuals
]

Fig. 6: Flow chart of NSGA-II

Sub-Prob 1: 7oPt

Sub-Prob 2: RoPt

(

Display
final population [
[
(

follows:

o Fast Non-dominated Sorting: This is based on two enti-
ties: the number of solutions dominating each solution in
the current population (i.e., rank) and the set of dominated
solutions associated with each solution.

o Density estimation (crowding distance): presents the den-
sity of solutions surrounding a particular point in Pareto
front. It is the average distance of two points on either
side along each of the objectives.

¢ Crowded-Comparison Operator: which compares two so-
lutions on the basis of the rank and crowded distance.
The best solution is the one with smaller rank. In the
case of rank equality, the solution with smaller crowded
distance would then be selected.

Fig. [6] presents the main loop of NSGA-II which starts
by initializing the population and assigning to each point
the appropriate rank. Then, reproduction operators such as
tournament selection, recombination and mutation are used to
create the offspring population. After that, the two populations
parent and offspring are combined and sorted following the
crowded-comparison operators mentioned above. More details
and complexity evaluation of NSGA-II can be found in [27].

IV. SIMULATION AND RESULTS

The proposed approach has been applied in order to sched-
ule household appliances for 40 collaborative MG’s that are
registered in the program of the load curve flattening. In our
first case study, every registered MG includes one flexible DL
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TABLE I: Dishwasher characteristics

Pl (kW)
1.2

Py
0.3

Py
1.2

Py aq (min) | a2 a3z | ayg
0.6 15 20 | 30 | 15

(e.g., water heater) and a non-flexible DL (i.e., dishwasher).
All 40 dishwashers are restricted to operate within a delay
period of T' = 6h. For these experiments, the residential
load curve taken from [32] has been used, which corresponds
to the real time single household appliances power profile.
For 40 users, the instantaneous power of dishwasher machine
characteristics are shown in Table |Il The instantaneous power
of each machine is based on the following equation.

—T):pl(t—7)+p2(t—7+a1)..‘
+p3(t — 7+ a1 +az) + ...
+ps(t — 74 a1 + as + a3).

Pdishwashcr (t

TABLE II: Hourly arrival rate of dishwasher

Time (h) 7h 8—9h | 10—11h | 12— 14h
Arrival rate 11 5 3 1

Time (h) 15h 16h 17h 18 — 23h
Arrival rate 4 5 1 0

TABLE III: Average required energy of water heater
Time (h)| 6h |7h| 8h |9 — 12h|13h|14 — 16h|17h|18h|19h|20h|21 — 23h

F (kWh)|299| 0 |147 0 135 0 59 | 0 [321]265| 135

As suggested, the scheduling algorithm runs dynamically at
each time slot ¢ — §t, where 0t = &ty + dto is the algorithm
execution time, and &ty and Jto are the computational times
required to solve sub-problems 1 and 2 successively. At each
time slot, it takes into account the new appliances requesting
to be supplied during the next period ([t; ¢+ 7). The proposed
approach deals with two appliance categories, flexible and
non-flexible DL, depending on the supplying flexibility as
well as the electrical components of the equipment (motor
or resistive component).

Therefore, the algorithm reaches the resolution of two
multiobjective sub-problems at each slot time. The first calcu-
lates the optimal activation time of NDL, whereas the other
presents the optimal power profiles of FDL. Moreover, each
sub-problem deals with two objectives and then develops a
set of compromise solutions. NSGA-II has been deployed to
resolve these problems with a number of generation of 200
and a population size of 200. The simulations have been run
on an Intel i7-4600U processor at 2.7 GHz using a Matlab
code. The execution time of these problems depends on the
number of variables corresponding to the appliances number.
In this section, the power profile of dishwashers, water heaters
and PV generation are signified by Ppw, Pwn and Ppv,
respectively. In addition, the obtained load curve using the
proposed Algorithm (black curve with dots in Figs. [9] [I0] and
is compared to the load profile of the actual power profile
without scheduling (black curve with stars in Figs. 0] [I0] and

[IT) and to the average load power (black segment in Figs. [0
and

The solution of sub-problem 1 presents the Pareto front
consisting of compromised solutions of the flattening function
and the standard deviation of all resulting delays caused by
the scheduling of the current plugged appliances. Fig. [Sa
illustrates an example of obtained curve at a given slot time
t (for instance at ¢ = tg). The choice of a solution from a
Pareto curve depends on the decision makers strategy; whether
minimizing the flattening function or the delay to supply
current appliances. In this case study, four solutions have
been selected to achieve different preferences, such as the
minimum and median values of NDL flattening function (S
and Si3 respectively), and the minimum and median values
of NDL delay (S12 and Sy4 respectively). These solutions
correspond to an arrival rate of 11 appliances at time slot
t = ty (to = Th). Performances such as standard deviation
of power profile o(Ppw) and the standard deviation of the
lateness resulting from scheduling o; of the four selected
solutions besides the case of the same appliances turned on
all at t = t( are illustrated in Table Then, the solution Si;
corresponds to the minimum of NDL flattening function f(7)
which presents the minimum standard deviation of the total
power profile. The corresponding power profile to this solution
is illustrated in Fig. Dal The activation time is spread and the
instantaneous power stays very close to the mean value. While
the solutions S15 and Sp3 present a compromise solutions of
power deviation and activation delay. Therefore, Figs. [0b] and
show a power profile smoother than the original profile, but
not as smooth as the result of Si;. Finally, S14 corresponds
to the minimum standard deviation of all activation delays
and Fig. [0d|illustrates the power profile corresponding to this
solution which shows the maximum variability of the power.

Once the solution of sub-problem 1 is chosen, this solution
is taken into account by the second optimization problem.
The resolution of sub-problem 2 aims at minimizing the
total deviation between the whole consumed power, together
with minimizing the satisfaction error of the required energy.
This problem also presents a set of compromise solutions as
illustrated in Four solutions from Pareto front are selected
reflecting different preferences of the decision maker, the
minimum and median values of FDL flattening function (S
and So3 respectively), and the minimum and median values of
the satisfaction error (S92 and So4 respectively). More details
about these solutions are presented in Table Comparing
the optimal solutions to the case of appliances supply before
scheduling both NDLs and FDLs, by smoothing the power
curve, the standard deviation of the power can pass from
10.54kW to 1.09kW which is very close to the result of Si;
of sub-problem 1. However, in this case the satisfaction error
is very large. Fortunately, the Pareto front present a multitude
of solutions and this is only one extreme solution. Therefore,
depending on the required satisfaction, the algorithm user can
chose the appropriate solution. Fig. [I0] illustrates the power
profile resulting from the four selected solutions. In the four
cases, the instantaneous power is smoother than the original
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TABLE IV: Selected solutions from Pareto set of sub-problem 1

25

Solution T1 (mzn) T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 ,U,(PDw) (kW) O'(PDw) (kW) y2 (min) gl (min)
Before scheduling 0 0 0 0 0 0 0 0 0 0 0 1.65 4.15 0 0
S11 0.10 |14.77(42.38|81.97(111.12{143.54|171.68|219.48|247.82|320.45(349.43 1.65 1.01 170.26 | 107.53
S12 0.20 |9.04 [24.06{32.20| 53.20 | 90.22 |119.46|156.44|184.09|220.54 |248.64 1.65 1.50 113.78 | 81.41
S13 0.50 |0.60 |1.60|3.51 | 8.77 | 15.37|20.27 | 20.99 | 27.67 | 29.93 | 45.04 1.65 3.16 17.37 | 13.60
S14 0 0 0 0 0.07 | 0.14 | 0.94 | 2.21 | 3.96 | 4.30 | 10.57 1.65 4.01 2.22 3.20

Execution time dt1 = 40.67s

Scheduling period of NDL 7" = 6h

At time slot t = tg

curve, but the degree of deviation from the average value
is different depending on the location of each solution on
Pareto curve whether it prioritizes the minimization of the FDL
flattening function or the satisfaction error.

Finally, to show the performance of the proposed algorithm
even in the presence of non-deferrable loads, a simulation
using PV generation has been developed. Herein, any curve of
forecasts (e.g., a day-ahead) can be used as a known parameter
to the first optimization problem (sub-problem 1). Indeed, the
data illustrated in Fig. [5] has been used in this simulation.
Therefore, Fig. [TTa)illustrates the resulting power profile from
sub-problem 1 considering the PV generation. It is notable that
the consumed power by the scheduled dishwashers, during
the time range 7h-12h, is less than the PV production but
still having the shape tracking the PV generation. After this
range, with the arriving of other requests to supply, the
consumption has grown and then exceeded the PV production.
To verify that the total load (dishwashers and PV generation) is
effectively realizing the flattening of the total load curve, Fig.

[[TB)illustrates the power profile of the total load which is seen
by the side of the main grid. Tracking the PV generation is an
example of tracking a known curve of generation (PV, wind
power, concentrated solar power, etc). In general, it can be any
curve representing the loads called previously non-deferrable
loads including also the unscheduled loads.

V. CONCLUSION

This paper presents a new approach for scheduling house-
hold appliances in order to realize the load curve flattening by
smoothing the total load curve. The proposed approach deals
with two types of loads, which allow it to take into account
almost the entire spectrum of used household appliances.
Moreover, the plug-in decisions to use household equipment
generally vary dynamically. Therefore, this approach is based
on a dynamic algorithm which strives to resolve two successive
multiobjective optimization problems. The first gives the acti-
vation scheduling towards flattening the power consumption of
non-flexible DL’s and the second presents the power profiles
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TABLE V: Selected solutions from Pareto set of sub-problem 2

Solution Ri(kW)| Rz | R3 | Ra |p(Pow + Pwu)&W) |o(Pow + Pwi)&W) | Ereq (kWh) | (E(R) — Ereq) (kWh)
Before scheduling 0 6 0 [13.93 14.88 10.54 299 0
(S11,521) 0 0 0 0 1.04 1.09 299 298.95
(S12, S22) 3.20 |1.83]0.84| 0.31 5.37 5.27 299 206.21
(S13,523) 3.94 |3.35[3.55| 3.46 6.50 4.62 299 84.43
(S14, S24) 6.29 |2.50(3.31| 7.83 9.40 9.43 299 7.2892e — 04
Execution time 6ty = 5.12s Scheduling period of FDL 7”7 = 1h At time slot t = to
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Fig. 9: Power consumption before and after scheduling dishwashers considering Pareto solution corresponding to (a) minimum
NDL flattening S11, (b) average NDL delay SS9, (c) average NDL flattening S;3 and (d) minimum NDL delay S14.

of flexible DL’s. The results verify the efficiency of the
proposed scheduling approach and allow a great reduction
of the standard deviation of power profile while considering
other objectives. Moreover, the approach has been deployed in
the case of using renewable generation and the results show
the validity of this approach to deal with tracking renewable
generation, or generally with any required shaping of the
demand curve.

APPENDIX
flattening function calculus:

Hereinafter, the calculus details of the flattening function of
1—Ievel FDL is hold. By developing the function expression
in (ﬂ;l'[) and using the Fourier Transform presented in (]Z[), the
obtained expression is given in (T8).

Using that
sin(a)

sinc(a) =
a

for all @ € IR and IR is the set of real numbers,
and applying the trigonometry formula

sin(a) sin(b) = %[cos(a —b) — cos(a +b)],

where a,b € IR, successively, (19) is obtained.
Then, using the trigonometry formula

cos(a) cos(b) = %[cos(a —b) + cos(a + b)],

and using the expressions presented in (3)), the obtained result
is expressed in (20).
Then, giving
cos(a) = 1 — 2sin?(a/2),

(20) can be expressed as ino@. ,

+ .
Finally, according to / SmQxda: = E, we have
0 T 2
+00 :,2
sin” kx T
———dx =k | = 22
|k (2)
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Consequently, the final expression of f(7) is obtained as
given in (@).
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