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Abstract—Smart house scheduling is the grid terminal
demand response based on the reference signal, the electricity
market price. In this paper, the user consumption perceived
benefits and the system running cost were considered. In the
intelligent house system with energy storage device, the load
control model and the energy storage control model were
established, and the two-stage optimization scheduling was
carried out for the smart house appliances to get rid of the
disturbance of load uncertainty. The first stage took the flexible
load as the control object, and the genetic algorithm was
proposed to provide a schedule for smart home appliances. The
second stage considered the energy storage device as the control
object and a particle swarm algorithm was used to generate a
charge/discharge rates schedule for the battery. The optimal
solution of the first stage optimization control participated in the
second stage optimization control in the form of the load curve.
The fitness value of the optimal solution of the load control stage
was taken as the minimum objective function constraint of the
energy storage control stage, thus further reducing the electricity
cost of the terminal-user. The simulation example in MATLAB
verifies the effectiveness of models.
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l. INTRODUCTION

Demand-side response, behavior game between power
suppliers and power distributors, household micro-grids, and
electric car are the main directions of current research on power
market. Demand Side Response includes three types of
applications in the retail market [1]: interruptible load projects,
electricity repurchase programs, dynamic tariff projects. The
research on home micro-grid mainly focuses on the demand
side such as energy storage control, new energy utilization and
load matching. From the viewpoint of load peak regulation,
paper[2] proposed the optimization strategy of equivalent
virtual energy storage for temperature control system and
participating in the peak regulation of regional distribution
network based on the physical characteristics of air
conditioning-building. From the perspective of game theory in
the electricity market, Ref. [3] established the distribution
multi-participation market model and the electricity market
model considering the behavior of the power generation
company. Based on the characteristics of the incomplete game,
co-evolutionary algorithm was applied to solve the Bayesian-
Nash equilibrium problem in the market game. From the
perspective of micro-grid, literature [4] established a joint
scheduling model of photovoltaic-storage based on micro-grid

to optimize the distribution ratio of residual power. By
reasonably allocating the residual power of photovoltaic power
generation and energy storage in each period, Ref. [5] proposed
different scheduling strategies. From the perspective of
demand-side multi-user energy coordination, the multi-user
energy dispatching method is issued in paper[6], with the goal
of reducing electricity consumption costs in the region. From
the perspective of user experience, Ref.[7] designed smart
home energy management system to save energy costs by
delaying or advancing the flexible load working period to
match the power curve of the house micro-power supply.

Considering the characteristics of energy storage and house
appliances, this paper proposes a two-phase coordinated
operation strategy to meet the demand of power consumption
and user satisfaction, which called Grid terminal intelligent
power consumption technology. In this paper, the energy
storage scheduling method is divided into two stages. Firstly,
the flexible load is optimally arranged to minimize the
operating cost. Then, based on the first-stage load curve,
energy storage system is economically dispatched in the
intelligent home. Finally, the economic and rationality of the
method is verified by simulation.

Il.  THE FIRST STAGE OPTIMIZATION MODEL WITH
FLEXIBLE LOAD AS THE CONTROL OBJECT

A. Optimal Scheduling Model

1) Load classification
This article classifies the load by the time or power
elasticity of the house appliances. The time elasticity of load is
the shift cost when the electricity appliances transfer from one
period to another. The power elasticity of load is the added cost
when the load electricity consumption changes[8] .The lower
the cost, the greater the corresponding characteristic elasticity.

TABLE I. LOAD CLASSIFICATION IN SMART HOUSE

Appliance Type Time Power
Uncontrollable X X
T-type v X
Controllable P-type > "

The load elasticity is infinity which means the application is
uncontrollable such as rice cookers, whose working hours and
power consumption are not adjustable because once these
parameters change will seriously affect the user's experience
[9], that is also called, rigid load. Flexible load, with load
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flexibility, is controllable in operation time(T-type) or
controllable in operational power(P-type).

2) Load volatility set
According to the rated power of each flexible load and the
user's habit in electricity consumption, it is possible to obtain
boundary reference for each uncertain parameter. For P-type

appliances, P, - the base value of power; &, - the disturbance

quantity of power; For T-type appliances, [ak,ﬂk] is the

working period; t7®" - start time, t" - ending time; d, - the

total running time are also available. The above parameters are
expressed in the following indefinite set,

Ulz{Pk(t): Fsk(t)-"_gk(t);g_kggk(t)gg_k} 1)

;
U, ={in =d;dy < S~ SET SR Sﬂk}(z)

t=1

where Xlt( indicates the operating status of the appliance.

3) Electricity consumption perceived benefits model
Electricity consumption perceived benefits, also called
consumption satisfaction, is the satisfaction or comfort
obtained by users through electricity consumption, which is

mainly related to electricity price and electricity amount.

The relationship between the three parameters can be
summarized as following:

e electricity consumption amount is proportional to the
consumer's comfort degree

e user’s satisfaction increased when electricity price
rises, but the increase trend will gradually slowdown

The above characteristics can be expressed in terms of the
logarithmic utility function that guides the resource allocation
in the microeconomics.

f(a,x)zaln(xk +1),Va>0,x20,k >1 (3

Logarithmic utility function has two features,

e  The function value increases as X or ¢ increases, and
the function minimum:

f (a, X) @)

min

=aln(x* +1)|,,=0

2

1:<O,

e The second derivative of the function 5
X

which means monotonically increasing trend of the
function value gradually weakened as X increases .

Considering the logarithmic utility function has same
properties, the relationship between the grid electricity price,
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electricity consumption and the user satisfaction degree in this
paper is described as follows,

eff, =c In(p, +1) (5)
where C, is the consumption factor at time slot k ,which used
to represent the user satisfaction degree obtained by the power
consumption, and its value is equal to the electricity price; p,

is the consumer's power consumption amount at time slot K .

B. Objection of the First Optimization Model

The first stage of smart home scheduling use the positive
benefits of electricity as the goal, the equation is written as:

Ry = max(f, - f,) (©)
where f, is consumption satisfaction; f,, the daily cost of
electricity.

The user's power consumption satisfaction and cost of
electricity are represented respectively in equations (7)(8):

(7
k=1
T
f,= Z Cy Py 3
k=1

where C, is the electricity price;
consumption amount.

p, is the electricity

I1l.  THE SECOND OPTIMIZATION MODEL WITH ENERGY
STORAGE SYSTEM AS CONTROL OBJECT

A. Energy Storage Scheduling Model

As a energy storage components, battery has two working
modes: charging and discharging. The energy storage
efficiency of the battery is greatly affected by the temperature.
During the continuous charging and discharging process, the
internal temperature of the battery rises, which affects the
internal chemical reaction in the battery. When the ambient
temperature varies between 10 and 30 °C, the internal
chemical reaction of the battery is favorable and the storage
efficiency is high. So the battery pack is generally placed
indoors and the ambient temperature is maintained at 25
degrees Celsius [10-13].

The battery model is formulated in equation EQ-9:

N
Z pexchangeAt
SOC =12 +
E

max

initial

E

max

)
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Battery residual energy is characterized in equation EQ-10:

E,, = SOC,C (10)

where SOC, is the state of charge; E, , , the remaining stored
energy; C , the rated capacity of the battery.

B. Objection of the Second Optimization Model

Considering the power supply characteristics of energy
storage system, the operating cost of smart home will be
composed of two parts: electricity purchase costs and
electricity sales revenue. When the storage discharge power is
higher than the actual load demand, the remaining power will
be sold to the grid then charges a certain fee. The optimization
goal of the second phase is to minimize the system operating
cost in the grid-connected mode. The mathematical expression
is as follows:

F, = min(fg - 1) (11)
T
f, =Y CouP,y (12)
k=1
T
fs = ch,k Ps,k (13)
k=1

where, fg is the purchase electricity costs and fs is the sales

revenue; C the purchase electricity price; CS'k , the

gk

electricity sales price; ngk , the power purchases from the grid;

P,  » the power sales to the grid.

C. Constraints of the Second Model
1) Minimum objective function constrains
The second optimized system operating costs F, shall not

be higher than the first system operating costs f2 .
F,<f, (14)

2) Battery constraints
The state of charge is an important physical parameter of
the battery. Low state of charge can cause voltage instability,
and the floating phenomenon may occur when the state of
charge is too high. In order to prolong the battery service life,
it is necessary to limit the state of charge.

SoC,,, <SOC, <SOC,,, (15)

min —

The discharge power will be limited.
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0.2C 0.2C
—T—SS Pb,t ST (16)

where T is duration of each time interval.

The cumulative discharge power is a measure of battery
life. The low cumulative discharge is beneficial to prolong the
working life of the battery, but it is not conducive to the
economic operation of the system. If the cumulative discharge
is too high, it is helpful to smart house scheduling but will
reduce the service life of the battery. Therefore, constraints of
the cumulative battery discharge power are given by the
following equations:

.
Eer = zi PucTs (17)
En" <E, <EP (18)

where E; is the accumulative discharge power.

IV. SMART HOME OPTIMIZATION CONTROL ALGORITHM

The genetic algorithm is applied to control all appliances.
The particle swarm optimization algorithm is applied to
produce schedule for the energy storage system.

V.  SIMULATION EXAMPLE

A. Parameter

TABLE Il. TIME CONTROLLABLE LOAD

Appliance Profile Time Range Rated

Length Power
Oven 1 24-28 1500w
Clothes Washer 6 1-96 400w
Vacuum Cleaner 4 1-96 600w
Dishwasher 7 67-96 1000w
Dryer 8 17-96 1500w

TABLE Ill. POWER CONTROLLABLE LOAD

Appliance Profile Length  Rated Power  Scope
Refrigerator 96 200w +10%
Air conditioner 96 1200w +10%

This paper chooses time-of-use model of electricity price.
The electricity price, taking the price curve of the PJIM market
in the United States as of July 10, 2017 as a reference, is
updated every hour, as shown in FIG. 2.
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FIGURE I. TIME-OF-USE TARIFF

B. Example Analysis

1) Analysis of Two Stage Energy Storage Control Results

As shown in Figure 3, the source power distribution can be
seen. Before 8 o'clock, the grid supplies power to the smart
house. The electricity price is at the lowest level of the whole
day. At this time, the storage battery generally charges,
therefore, the purchasing power is high during this period.
From 8:00 to 9:00, the household electric power reaches the
maximum value of 5SKW. When the electricity price is in the
low period, the purchase cost is also low and the storage level
of the battery is high. During 10 o'clock to 12 o'clock, in
accordance with the instructions of the optimal scheduling
charge, the battery transfers electricity to obtain economic
benefits. During 13:00 to 21:00, SOC is high, so the battery
discharges to reduce the cost of electricity purchase and ease
the peak load. Before 22 o'clock, the battery discharges to
reduce the amount of electricity purchased by the user when
the electricity price is high. At 23:00 to 1:00, the battery
charges to maintain the initial SOC for the next cycle.

Battery |
RTP

4
0 3 b 9 12 15 18 21 2
FIGURE Il. DAILY OPTIMAL OPERATION CURVES
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2) Economic and Perceived Benefit Analysis of Two-stage
Optimization Model
In order to examine the economic and perceived benefits of
the two-stage energy optimization, this paper compares the
economic benefits of the two-phase optimization with three
cases, and the results are shown in Table 4. In case 1,
consumers adopt traditional strategy. Case 2 reflects the first
stage of the proposed optimization strategy. Case 3 reflects the
complete optimization strategy. Case 4 reflects the first stage
of the proposed optimization strategy ignoring consumption
perceived benefits.
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TABLE IV. COMPARISON OF FOUR ELECTRICITY PURCHASE

STRATEGIES
Strategy System Running Cost  Perceived Benefits
Case 1 21.53 11.42
Case 2 19.77 10.31
Case 3 15.96 —_—
Case 4 18.25 9.51
Calculation of system operating cost references

formulations (8) and (11), Calculation of power satisfaction
references formulations (5) and (7). As can be seen from Table
4, under the traditional method, the system operating cost is
21.53. In the smart home optimization control model, the
system running cost in the first stage is 19.77; the system
running cost in the second stage is 15.96; and the system
running cost in the second group is 18.25. Obviously, the
economic costs of using the optimal scheduling algorithm are
much lower than those of the two control groups. In addition,
due to the impact of time load, users' satisfaction under the
optimization strategy is slightly less than that of the traditional
method, reducing by 9.1%, but still superior to that of case 4.

VI. CONCLUSION

This article does the following work for
management of demand-side smart home system:

energy

1) The load control model and the energy storage control
model are established to form a two-phase intelligent house
optimization model.

2) The load control problem is solved by genetic algorithm,
and the energy storage control problem is solved by the
particle swarm optimization algorithm. The optimal solution
of the first-stage optimal control takes part in the second-stage
optimal control as the basic load and the minimum objective
function constraint.

Throughout the optimization cycle, the state of charge
changes gently. Considering that the energy storage system
has the characteristics of buffered electric energy to stabilize
the load fluctuations and uninterrupted power supply, it is
beneficial to the energy distribution of the power grid. The
economic benefits of the two-stage optimal control algorithm
are much higher than the traditional method. Under the
circumstance of energy optimization and dispatching, the
smart home system encourages terminal consumers of power
grid to take advantage of the controllability of flexible load
and the storage energy.
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