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Abstract: In this paper, the proposed methodology minimizes the electricity cost of a laundry room
by means of load shifting. The laundry room is equipped with washing machines, dryers, and irons.
Additionally, the optimization model handles demand response signals, respecting user preferences
while providing the required demand reduction. The sequence of devices operation is also modeled,
ensuring correct operation cycles of different types of devices which are not allowed to overlap or
have sequence rules. The implemented demand response program specifies a power consumption
limit in each period and offers discounts for energy prices as incentives. In addition, users can define
the required number of operations for each device in specific periods, and the preferences regarding
the operation of consecutive days. In the case study, results have been obtained regarding six
scenarios that have been defined to survey about effects of different energy tariffs, power limitations,
and incentives, in a laundry room equipped with three washing machines, two dryers, and one iron.
A sensitivity analysis of the power consumption limit is presented. The results show that the proposed
methodology is able to accommodate the implemented scenario, respecting user preferences and
demand response program, minimizing energy costs. The final electricity price has been calculated
for all scenarios to discuss the more effective schedule in each scenario.

Keywords: demand response; electricity tariffs; load shifting; load scheduling; time of use

1. Introduction

Nowadays, the issue of energy consumption has attracted much attention regarding its relations
with environmental problems, economic developments, and sustainability of life [1]. However,
generation and demand should be balanced to maintain the sustainability and reliability of the energy
system. In this context, the role of Renewable Energy Resources (RER) should be appreciated due to
their effects on energy system reliability, and their advantages for the environment against climate
change and global warming [2,3]. According to [4], 25% of today’s energy generation belongs to RERs
and has been planned to reach 40% in 2040. Although, the uncertainty and stochasticity of RERs
require comprehensive and precise planning to manage their energy generation and take advantage of
them as much as possible [5].

Another important asset of the energy system to maintain balance and improve its efficiency can
be called demand response (DR) programs. Demand side management (DSM) offers incentives to
receive flexibility from the consumer side to modify their consumption pattern in response to varying
electricity prices, technical problems of the grid, available loads, or incentive payments. This process
makes both sides beneficiaries based on grid condition and economic benefits for consumers and
producers [6,7].
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The industrial sector is considered as an appropriate case for implementing DR programs, because
of the large size of individual industrial buildings and their flexibility in many manufacturing processes.
It means that electricity consumption in industrial buildings can be shifted from day to night if needed,
however, it is not easy in residential and office buildings [8]. Load shifting in industrial buildings
is more useful since it does not have an effect on the total amount of energy demand, but it affects
load profile shape by moving part of energy consumption from one period to another period [9,10].
Depending on the use cases, load shifting can be considered as an incentive-based DR program or
price-based DR program. It means that shifting can be done to respond to electricity price variation,
or it can be combined with RERs to move the consumer’s load to high RER’s generation periods [11].
It should be noted that load shifting cannot be implemented intractably. Many constraints should be
considered to obtain consumer preferences and grid requests. Additionally, the operation duration of
loads should be considered accurately to finish their cycles [9].

Available loads for energy management systems can be categorized in deferrable and
non-deferrable loads [12]. Non-deferrable loads are not considered in this study since they are
must-run loads and should be served immediately when needed. However, deferrable loads only care
about their operation cycle and are flexible in their starting time. Deferrable loads can be interruptible,
such as pool pump load or non-interruptible, such as washing machines. In some loads, such as some
types of heating and cooling loads, the power consumption can be adjusted based on user requirements.
However, in many loads, the power is not adjustable and is “0” when it is OFF, and “Power” when it is
ON [12,13].

This paper proposes an optimization method to optimize the power consumption of an industrial
building based on a combination of shift-able loads, user preferences, and dynamic electricity
prices. All the shift-able loads in this paper are assumed as deferrable, power-unadjustable,
and non-interruptible loads. The method selects the most optimal period for the starting time
of loads based on the parameters such as the priority of each device, power consumption limit,
electricity price, and defined constraints by the laundry manager. It means that the mentioned
parameters are considered as coefficients of binary variables to make them 1 in the best period.

As the main contribution of the paper, the proposed methodology has been developed according
to the following features:

e  Multiperiod optimization to optimize the power consumption of an industrial building by focusing
on different aspects of proposed multiperiod optimization in [14];

e  Schedule of loads, in order to consumption shift, where the complete operation cycle of devices
has been controlled by proposing energy management in several periods;

e  Restraining the optimization method by focusing on the power consumption limit in some
periods based on DR notification to implement the power reduction, load-shifting, or load
curtailment [5,15];

e Constraining of the optimization problem by considering the limited number of operations for
each device;

e Considering sufficient running of the optimization method in consecutive periods with
consideration of parameters variations.

The following objectives have been achieved:

e  The optimization method is implemented and integrated into an agent-based Supervisory Control
and Data Acquisition (SCADA) system installed in an industrial laundry room, where all
the parameters, such as the consumption of devices and the total consumption, are recorded
through this system [16];

e  Six different scenarios have been implemented to survey about different aspects of method and
the results are obtained in order to verify the acceptability of the proposed methodology.

The innovative scientific contribution of this paper is the combination of linear programming
optimization in an industrial building energy management system, minimizing the energy cost of
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laundry room, figuring out the appropriate period for starting the operation of devices in its complete
cycle based on existing power consumption limitations and electricity price variation, and providing
different means for users to define their preferences, and also for energy managers to specify the desired
bound based on the purposes of the method. The user comfort procedure uses constraints to implement
the operation of devices based on user preferences, it means that equations and bounds are provided
with respect to the sequence of operation, number of operation, and time of operation based on user
preference. Several methods can be found in the literature; however, the present method presents
a good compromise between complexity and reality.

After Section 1, the literature review is presented in Section 2. The optimization method is
explained by details in Section 3. Six different scenarios are demonstrated in Section 4 to test
and validate the adequacy of the proposed methodology. Section 5 shows the obtained results of
the proposed scenarios. Finally, Section 6 describes the main conclusions of the work.

2. Literature Review

There are numerous studies focused on building energy management, DR programs, and load
shifting approaches. The combination of power consumption minimization by interruptible/reducible
loads and load scheduling by shift-able loads has been presented in [14] in the scope of building energy
management systems. In addition, [14] presents a linear programming optimization in an office building
for minimizing the discomfort of users based on temperature and power consumption parameters,
deciding where to shift the operation of a dishwasher to implement load shifting. The authors
in [17] propose a distributed control scheme for a large population of thermostatically controlled
loads to mitigate the photovoltaic and power variation in order to participate in DR programs with
consideration of user comfort and fair power-sharing among all loads. The authors in [18] propose
a grid-interactive smart building with thermostatically controlled loads to provide frequency support
as an application of DR programs with considering user comfort. In [19], a home energy management
system has been proposed by merging RERs. The household appliances are categorized in power
elastic, time elastic, and essential appliances that are mostly shift-able based on grid condition, energy
storage, energy trading, and real-time pricing. Authors in [20] focus on system adequacy by taking
advantage of DR programs such as shifting the loads in high generation periods. They consider
the energy market, reserve market, and quantity-based capacity market to make a competitive field
for generators to maximize their profit. A DR aggregator is also considered to maximize the profit
by implementing load shifting operation. Uncertainty and outage of RERs are focused on microgrid
operation in [21]. Moreover, the time of use (TOU) DR program has been considered to shift some
percentage of loads from critical periods to off-peak periods maintaining the total demand of power.
Additionally, an emergency DR program is applied to reduce the required reduction in any emergency
with high incentives. [22] presents an optimization-based SCADA system for the energy management
system in the building by employing reducible devices to achieve DR program goals. The proposed
method manages the consumption of the building based on RTP tariff and controls the consumption of
the ACs (Air Conditioners) and lighting systems of the building based on defined priorities by the office
users. In [23], an optimization method for implementing the load shifting according to the priority of
the loads, DR program targets, incentives, and energy price is proposed. Several non-deferrable loads
are considered to implement the loads shifting in different scenarios, however, user preferences are not
considered in this study. In order to focus on the consumer role in the new electricity market, [24]
proposes the large-scale energy model methods and a more detailed demand-side role. It shows
the impacts of consumers in economic energy market modeling while focusing on the demand side
behavior based on electricity price variation. In [25], the authors surveyed the benefits of the frequency
response provision from DR programs. Some case studies were performed in the same work, which
used an advanced stochastic generation scheduling model. The results demonstrated that the provision
of frequency response from DR could greatly reduce the power system’s costs, wind curtailment,
and carbon emissions, while a huge capacity of wind generations will be integrated in the grid.
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The authors in [26] present a platform for distribution level aggregators to serve as sub demand side
operator in terms of the electrical energy storage system, customers DR, and the renewable resources
(PV and wind). Four types of consumers such as residential, commercial, aggregated, and residual
have been considered to provide a real power reserve via DR programs.

The innovative contribution of this paper is the representation of a linear programming
optimization integrated with a real building energy management system, with multiperiod optimization
of energy consumption and electricity cost based on consumption limitations, user preferences,
considered operation sequences, electricity price, and specific load scheduling. The main purpose
of the proposed method is to select the appropriate starting point for the complete operation cycle
of the devices and to consider the user’s preferences while meeting the needs of energy managers.
In addition, the management of work between consecutive days is addressed.

3. Proposed Methodology

This section explains the developed optimization method to minimize the electricity cost of
a laundry room based on several aspects. This method manages the energy consumption of the room
based on DR program signals such as power consumption limits, dynamic peak periods, and monetary
incentives. It should be mentioned that user preferences are important in the energy management
concept. Users should specify the required number of operations for each device in specific periods.
Figure 1 presents the overall view of the proposed methodology.

DR signal:

= =
Washingmachine Dryer @Iron - Power limit ®

- Dynamic peak periods ul]l]["]l]

- Monetary issues

R ey LR RUUH RN IR U AR
Day n |Day n+1
a7 s I
} } — } } } — b D>
1 7 16 17 24 48 55 64 65 7 96

Time (15 minutes periods)

Figure 1. Sequential tasks operation over two working days.

As it can be seen in Figure 1, the laundry room is equipped with washing machines (WM), dryers,
and an iron. The number of devices is based on the case, however, 3 WMs, 2 dryers, and 1 iron
have been presented in the architecture. According to Figure 1, DR signal notifies the system about
the power consumption limit that is proposed by a smart meter, also peak periods and off-peak periods
can be shown as power profiles to present the optimal periods for shifting. Monetary issues indicate
the energy price variations and incentives if exists.
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The proposed timeline presents the starting period of the optimization method equal to 1 to
the last period equal to 96. It should be mentioned that 96 periods are related to 2 days (15 min each
period, and 12 operating hours in each day).

Users decide about the number of required operations in each number of periods. For instance,
Figure 1 shows that 3 WMs should operate 1 time from periods 7-16, or it shows that they should
operate 2 times in periods 17-48. It can be seen that the iron is free to operate in next day, although
it depends on user preferences.

Another important item of the method is observing the sequence of devices. It means that WMs
should complete their operation cycle before the starting point of dryers. Additionally, the same
conditions are considered for dryers and the iron. The devices in different types are not allowed to
overlap, however, similar devices can be started at the same time and overlap in all periods.

According to the definition of DR programs, they can have an influence on the power consumption
pattern of users based on energy price variations, technical problems, and incentives. DR programs
can set power consumption limits in each period based on the mentioned issues. It means that they
ask users to reduce their consumption based on allowed power or shift their consumption to no limit
periods. In the present method, if the power consumption of devices is more than the power limit,
they should be shifted to other periods to observe the DR signal.

Electricity price has a strong effect on the time of using electricity. It means that power consumptions
are eager to locate in off-peak periods, however, they should observe the other conditions. Incentives
can be determinant in the implementation of load shifting to minimize the energy bill as much
as possible.

Equation (1) illustrates the objective function (OF) of the optimization method. The variables
in this equation are changed by the optimization solver in order to find the values combination that
minimizes electricity costs, respecting the priority of each variable. Table 1 explains the definition of
used parameters in (1).

Table 1. Definition of parameters in (1).

Pr_.WM Priority of washing machine

Pr D Priority of dryer

Pr I Priority of iron

Price Energy price in each period

Power_WM Power consumption of washing machine

Power_D Power consumption of dryer

Power_I Power consumption of iron

WM Binary variable related to washing machine

Dryer Binary variable related to dryer

Iron Binary variable related to iron

T Maximum number of periods

O Maximum number of possible operation modes for washing machine
M Maximum number of washing machines

Od Maximum number of possible operation modes for dryer
D Maximum number of dryer

0)] Maximum number of possible operation modes for iron

I Maximum number of iron
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Priority numbers are considered as decimal numbers between 0 and 1 to determine the priority of
each device to participate in the DR event based on user preference. Obviously, the larger numbers
correspond to the preferred devices and vice versa.

Price means the energy price in different periods of time t. Price can be considered based on
different tariffs. Power_WM, Power_D, and Power_I indicate the power consumption of WMs, dryers,
and an iron, respectively.

All parameters of price, priority, and power in OF are defined as coefficients of binary variables for
the optimization method to select the best solution based on priorities, different prices, and available
power. It means that the algorithm should select the period with a low price concerning the defined
priorities and available power.

According to (1), WM is a binary variable related to the washing machines. Dryer indicates
the binary variable related to the dryer, and Iron is a binary variable related to iron. The binary
variables represent the operation state of devices so that 1 is related to ON situation, and 0 is related to
OFF. It should be noted that T indicates the number of periods, O means the Operation time of WMs,
OD is the operation time of the dryer, and Ol is related to the operation mode of iron.

The mentioned binary variables are dependent on device and operation time. It means that T
shows the global periods of the algorithm, however, O, OD, and OI indicates the specific operating
time of devices. They may be numerically equal, however, specifying the distinct indices helps to
manage each device separately.

T[O M
Minimize OF = Y| Y. Y. (Pr_WM(, ) X Price; X Power_WM g, 1) X WM, 1))
t=1lo=1m=1
oD D .
+ dZ dz (Pr_D(o4,4) X Prices X Power_D (54,4 1) X Dryer oq,4)) (1)
od=1d=1
or I '
+ X X (Pr_Ii X Price; X Power_Iy;j 4 X Iron ;)
oi=1i=1

Equations (2)—(4) are the constraints for choosing the number of operations for WM, dryer, and iron,
respectively. It is clear that each constraint can be broken into several series to specify the number of
operations in particular periods. Table 2 introduces the new used parameters in (2), (3), and (4).

O
Y WMy = N_-WMy s Vom €11, ..., M} @)
o=1
OD
Y Dryer(ogq) =N_Dg; Vd {1, ..., D} ®)
od=1
o)}
Y frony =N_Ij; Vi €fl, ..., I} )
0i=1

Table 2. Definition of parameters in (2), (3), and (4).

N_WM  Number of operations of washing machine

N_D Number of operations of dryer

N_I Number of operations of iron

Equation (5) indicates the power consumption limit in each period based on DR program targets
to observe the maximum amount of power that devices can consume. It should be mentioned that
P_max is related to the total power consumption of controllable devices. Table 3 presets the undefined
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parameters in (5), (6), and (7). This formulation of the optimization problem has been defined for
the specific subject of a laundry room. However, the implemented optimization algorithm is able
to accommodate other devices, like an air-conditioner, water heater, and so on, in a more generic
building. For that, shift-able loads can be allocated in the same way as for the dryer, washing machine,
and iron. Rigid loads can be subtracted to the maximum power in each period, as seen in Equation (5).
The remaining equations of the formulation of the optimization problem can be easily adapted.

O M
Zl Zl(POZUEI’_WM(O,m,t) X WM(O,m))
o=1m=

OD D

+ L X (Power_D g4 X Dryer (o4,4) ®)
od=1d=1

or 1
+ X X (Power_Igip X Iron ;) < P_Maxy; Vtefl, ..., T}

0i=1i=1

Table 3. Definition of parameters in (5), (6), and (7).

P_Max  Maximum allowed power consumption in each period

OCM Number of periods for complete operation cycle of washing machines

OCD Number of periods for complete operation cycle of dryers

Regarding the rational use of devices, (6) and (7) are defined to observe the sequence of operation.
Equation (6) allocates the operation cycle of dryers after WMs, and (7) is prepared to locate the starting
point of iron after the complete operation cycle of dryers.

0 oD
Y 0XWMuo < Y, od XDryer(gog ;¥ m €1, ..., MEVd €1, ..., D) )
0=1 od = OCM+1
oD @i
Z od X Dryer (g o) < Z oi XIrong ey ;¥d €{l,..., DEVi efl, ..., I} (7)
od=1 oi= OCD+1

The present optimization method is developed in Rstudio® software using OMPR package which
is able to implement the mixed-integer linear problems [27].

4. Industrial Laundry Scenarios

This section presents six illustrative scenarios to illustrate the functionality of the proposed
methodology. Six different scenarios have been defined to show assumptions and claims of the method
in different aspects. This case study considers a laundry room with three WMs, two dryers, and one iron.
This machine set has been defined in order to have a case study big enough to test all the features of
the proposed methodology and small enough to be possible to analyze the results in a clear way in this
paper. More and less machines are possible to be applied in the proposed methodology. In the limit,
if one has only one dryer and one washing machine, the algorithm will select the moment when each
machine will operate respective constraints.

It is assumed that the working hours of the laundry room in one day are equal to 12 h from 8 a.m.
to 8 p.m. These 12 h are divided into 48 periods with 15-min time slots. Figure 2 shows the power
consumption of devices in 2 days before optimization. It means that devices are in the normal situation
before applying energy management.
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Figure 2. Power consumption of devices before optimization.
Table 4 shows the characteristics of six different scenarios. There are some common aspects in all
scenarios such as the required number of operations in some periods. According to user preferences,

WDMs are not required to operate from 8 a.m. to 9:30 a.m. However, from 9:30 a.m. to 12 p.m. they
should operate once, and from 12 p.m. to 8 p.m. should operate two times.

Table 4. Characteristics of different scenarios.

Scenarios 1Day 2Days PowerLimit Single Tariff  Double Tariff Dynamic Tariff Incentive

A X X

B X X

C X Sensitivity X

D X X X X

E X X X

F X X X X

In the end, the energy cost (EC) of each scenario will be calculated based on (8).

O M
EC= [[X X (WM(o,m) ><POWE”WM(o,m,t)

o=1m=1

oD D
+ dZ : dzl(Dryer(od,d) X Power_D (oq,4,+)) ®)
od= =

+ %1 il (Iron g 4y X Power_I ;1)) X Pricey]
o1=11=

Dryers are required to operate two times in a day. Iron operation is required once for ironing all
washed clothes of 1 day, however, ironing can be postponed to the next day from 8 a.m. to 9:30 a.m.

Scenario A and scenario B consider 2 working days without any power consumption limitation.
however, the energy price in this scenario A is based on single-tariff pricing, and energy price in scenario
B is based on double-tariff pricing.

Scenario C applies the power consumption limit in some periods. As it can be seen in Table 4,
this scenario considers 2 days, and double-tariff pricing is used as energy price. A sensitivity analysis
of the power limit has been done in this scenario in order to show the importance of the power
consumption limit in the load schedule. The power consumption limit as input has been changed
in four levels of 90%, 95%, 105%, and 110% of base power limit to show the variation in output.
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The main difference in scenario D is focusing on 1 day instead of 2 days. It means that ironing is
not possible to shift to the next day. According to Table 4, the power consumption limit is applied,
and the energy price is based on double-tariff pricing.

Scenario E focuses on 2 days and the power consumption limit is applied. There main difference
in scenario E and previous scenarios is using dynamic-tariff pricing for energy prices.

Scenario F can be explained as scenario E, however, in scenario F, the electricity price is discounted
in some periods as incentives.

Figure 3 shows the power consumption limit and different tariffs in scenarios. As it can be seen
in Figure 3, the power consumption limit applies rigid bounds in six periods.

14 ====Power limit  =====Single tariff e====Double tariff Dynamic tariff === Dynamic tariff with incentives 5
18
12
16
10 14
=
e 12 2
a0 S~
= — = =
5 10 @
A ~J — e
3 | 8 g
a
a 6
4
2
2
0 0

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91 94
Time (15 minutes periods)

Figure 3. Power consumption limits and electricity prices in each period.

Table 5 indicates the number of operation of devices in all scenarios. It should be mentioned that
these numerical values can be different values based on user preference.

Table 5. Number of operations of devices in different scenarios.

Number of Operations in Scenarios

B C D E F

Parameter

N_WM,
N_WM,
N_WM;
N_D;
N_D,
N_I

NNNO OO
NNNO OO
NNNO OO
— ok kW W
NNNO OO
NNNO OO

5. Results

The obtained results of six scenarios have been presented to survey about the impact of different
energy prices and power consumption limits on the proposed method. Figure 4 shows the scheduled
devices based on single-tariff pricing in scenario A. It should be noted that the power consumption
limit (Equation (5)) is not considered.
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14 W1 W2 W3 D1 D2 | e Energy Price 18

T

1 4 7 1013161922252831343740434649525558616467707376798285889194

Time (15 minutes periods)

12

=5

Power (kw)

[=)]

Price (Cent/kwh)

=

N

Figure 4. Power consumption of devices in scenario A (based on single-tariff pricing).

According to the comparison of Figures 2 and 4, it can be seen that the power consumption pattern
of devices has been changed. It shows that scenario A has observed user preferences in the context of
the number of operations, and time of using devices.

Figure 5 presents the obtained results of optimization in scenario B, based on double-tariff pricing
and without considering the power consumption limit.

14 W1 W2 W3 D1 D2 Nl e Energy Price 20
18
12
16
10 14 3;;
g 22
s 10 §
Q
2 s <
< 8 8
a4 6 &
4
2
2
0 0

1 4 7 1013161922 252831343740434649525558616467707376798285889194
Time (15 minutes periods)

Figure 5. Power consumption of devices in scenario B (based on double-tariff pricing).

As it can be seen in the comparison of Figures 4 and 5, some parts of the power consumption of
devices have been shifted from peak price periods to off-peak periods. For instance, the third starting
point of WM1, WM2, and WM3 in scenario A have been shifted from period 29 to period 32 in scenario
B. In addition, the load shifting from peak periods to off-peak periods can be seen for fifth operation
cycle of WMs.

Figure 6 shows the output of optimization in scenario C based on double tariff and power
consumption limit.

As it can be seen in Figure 6, the present method applies the power consumption limit on six periods
and Figure 6 verifies that the optimization method has observed these limitations. These limitations
are determinant in scheduling the device and they may force the consumption to be located at
expensive periods.
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Wl W2 W3 mmmDl memD2 | esPower Limit ==—=Energy Price
14 20

12

10

Power (kW)
Price (Cent/kWh

0 .

1 4 710131619 22252831343740434649525558616467 70737679 8285889194
Time (15 minutes periods)

Figure 6. Power consumption of devices in scenario C (based on double-tariff pricing and power
consumption limit).

For instance, Figure 6 presented that starting point of iron has been shifted from 53 to 50, and WM3
operation cycle in 55-60 has been shifted to 59-64 because of applied power limitation in 58.

Figure 7 shows the results of sensitivity analysis of power consumption limit in four levels as 90%,
95%, 105%, and 110% of the power consumption limit in scenario C.

W1 mWwW2 mWw3 mD1 mD2 ml
12 90% 12 95%
10 10
8
= =8
g H
E g 5 6
& z
4 < g
2 2
0 N 0 |
15 9 131721252933374145495357 61656973 77818589 93 15 9 131721252933374145495357 616569 73 77 8185 89 93
Time (15 minutes periods) Time (15 minutes periods)
12 055 12 110%
10 10
~8 = 8
2 z
g 6 g 6
S IS
<4 4
2 2
0 ¥ oo ||
1 5 9 1317212529 33374145495357 616569 7377 81 85 8993 15 9131721252933374145495357616569737781858993
Time (15 minutes periods) Time (15 minutes periods)

Figure 7. Power consumption of devices regarding sensitivity analysis of power consumption limit.

According to Figure 7, it can be seen that small variations in power consumption limits have made
several changes in the time of using the devices. The electricity cost calculation for each scenario can
present the effectiveness of each variation.

Scenario D focuses on the implementation of the optimization method for 48 periods (1 day)
instead of 96 periods (2 days). It should be noted that scenario D is based on double-tariff pricing and
power consumption limit.

As it can be seen in Figure 8, the power consumption of iron has been shifted from the next day to
period 4648 of the same day. It shows that the iron could not be located in next day and this variation
may affect the final electricity cost.
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W1l s W2 s W3 s D1 mem D2 | es===Power limit =====Energy Price

14 20
18
12
F 16
10 14 g
E 8 a2 =
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4]
3 6 s
s 8 8
4 u 6 =
4
2
2
. B

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47
Time (15 minutes periods)

Figure 8. Power consumption of devices in scenario D, focusing on 48 periods.

Figure 9 presents the scheduling of devices in scenario E based on the power consumption limit
and dynamic tariff.

e W1 o \W2 s W3 s D1 s D2 900 | e Power limit =====Energy Price

14 12

12 115
10 11 =
z =
-
x 8 3
- =
5 105 §
5 e
[ 10 S
a o

2 95

. L N,
1 4 7 1013161922252831343740434649525558616467707376798285889194
Time (15 minutes periods)

Figure 9. Power consumption of devices in scenario E (based on dynamic tariff and power consumption limit).

According to comparison of first operation cycle of WM3 in scenario E and previous scenarios,
the effect of dynamic tariff on load scheduling can be seen.
Figure 10 is related to scenario F to show the impact of incentives on the scheduling of devices.

This scenario is based on dynamic-tariff pricing; however, 2 cents/kWh discount has been considered
in periods 45-70 as an incentive.
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Figure 10. Power consumption of devices in scenario F (considering incentive and power consumption limit).

As it can be seen in Figure 10, the starting point of the fifth operation cycle of WM3, has been
shifted from 73 to 59 for taking advantages of applied discounts in these periods.
Figure 11 presents a general view of final power consumption in all scenarios.
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Time (15 minutes periods)

Figure 11. Total power consumption of devices in all scenarios.

In order to compare the efficiency of scenarios, Table 6 presents the energy cost in all scenarios.
It should be mentioned that all ECs are shown as EUR/kWh.

Table 6. Energy cost in all scenarios (SCN).

SCN A B C_90% C_95% C_100% C_105% C_110% D E F
EC 63.3 48.8 52.5 514 529 51.4 514 254 42.7 40.9

As it can be seen in Table 6, scenario A with a single tariff has the highest electricity cost. Scenario
B has been decreased by 14.5 EUR/kWh from scenario A by applying a double tariff. Generally, scenario
C shows that the power consumption limit has increased the cost. It means the power consumption of
devices could not be shifted on off-peak prices in order to follow the limits. Scenario D shows that it is
more efficient if the iron operates on the same day as WMs and dryers. EC in scenarios E and F show
that dynamic tariff is cost-effective for consumers, however incentives in scenario F can compensate for
the disadvantages of power limitation.
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In order to compare the scenarios, it can be seen that scenario A was implemented for two days
based on single-tariff pricing without any power consumption limitation. The user’s preferences such
as the number of operations and time of operation were the important items for the methodology.
The calculated electricity cost in scenario A was equal to 63.3 EUR/kWh. Scenario B was the same as
scenario A in the context of the number of days, power limitations, and user preferences. However,
the energy cost was based on double-tariff pricing. The energy cost in scenario B was calculated as 48.8.
The comparison of scenario A and scenario B shows that the consumption pattern of the laundry room
has been changed based on electricity price variations. Additionally, the electricity cost was reduced
by 14.5 EUR/kWh in scenario B by double-tariff pricing.

Scenario C considered double-tariff pricing, power consumption limitation, and focused on two
days. In fact, scenario C presented the effect of power limitation on energy consumption patterns.
A sensitivity analysis in four levels was implemented for the power consumption limit. The obtained
results of scenario C presented that power consumption limits can shift the power consumption of
devices from rigid periods to free periods. However, the electricity price was increased compared to
scenario B. This issue verifies the necessity of incentives for users in critical periods of the network.

Scenario D was implemented in one day, based on double-tariff pricing and the existence of power
limitations was the same as in scenario C. In this scenario, ironing was not able to be postponed to
the next day, and this difference changed the consumption pattern of the laundry room. The electricity
cost presented for one day was equal to 25.4 EUR/kWh, which is lower than the electricity cost
in scenario C.

Scenario E and scenario F were based on dynamic-tariff pricing. However, scenario F considered
discounts in electricity cost as incentives. The calculated electricity cost in scenario E and scenario D
were presented as 42.7 EUR/kWh and 40.9 EUR/kWh, respectively.

In addition to the monetary issues, user preferences and personal priorities are the important
aspects that determine the efficiency of the method. For instance, scenario B is not the cost-effective
one among scenarios, however, there is not any applied limitation for power consumption. In addition,
scenario D seems more cost-effective compared to scenario C, however, the preference of the user about
iron operation could not be achieved in scenario D.

The efficiency of the optimization methods depends on the flexibility of the users. It means that
methods should take advantage of the flexibility of the users as much as possible, otherwise, those
methods are not applicable for implementing in real life. In this way, the users can test different
scenarios in order to obtain the best recommendation when the parameters from users are not well
known or easy to define.

6. Conclusions

Demand response programs play an important role in the context of building energy management.
They can manage the energy consumption pattern of users based on electricity price variations or
other issues such as technical problems. In order to take advantage of demand response programs,
buildings should be equipped with required infrastructures for running-related optimization methods.
An optimization method has been proposed in this paper to optimize the energy cost of a laundry room
equipped with three washing machines, two dryers, and one iron. This optimization method was based
on different energy tariffs and observing the restrictions for power consumption. Additionally, the user’s
preferences have been respected in the method such as the number of required operations for each device,
time of operation of each device. For example, users have decided to postpone the iron operation to
the next day. The purpose of the optimization method was to implement the load shifting based on
different aspects. The sequence of operation of devices was an important item to increase the feasibility of
the methodology. Six different scenarios were presented to show different outcomes of load schedule.
The energy cost in all scenarios was presented in a table to compare the efficiency of scenarios.

As the main conclusion of this work, it can be seen that electricity price variation could take
advantage of user flexibility in power consumption. It was clear that the total power consumption
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of users was not changed, however, the time of use was affected based on monetary benefits.
Power consumption limitations may occur in an emergency situation of a network, however
considering incentives for the user can increase the flexibility of the system. It was important
to focus on the reliability of the method in the context of the sequence of operations and respect the user
preferences in the methodology.

The proposed method can be integrated with renewable energy resources to implement the load
shifting based on their power generation. In future works, authors are intended to propose the impacts
of photovoltaic generation on load shifting. It means that load shifting should be implemented based
on taking advantages of photovoltaic generation to minimize the cost.
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