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a b s t r a c t
In the domestic sector, increased energy consumption of home appliances has become a growing issue.
Thus, reducing and scheduling energy usage is the key for any home energy management system (HEMS).
To better match demand and supply, many utilities offer residential demand response program to change
the pattern of power consumption of a residential customer by curtailing or shifting their energy use
during the peak time period. In the present study, real time optimal schedule controller for HEMS is
proposed using a new binary backtracking search algorithm (BBSA) to manage the energy consumption.
The BBSA gives optimal schedule for home devices in order to limit the demand of total load and schedule
the operation of home appliances at speciﬁc times during the day. Hardware prototype of smart sockets
and graphical user interface software were designed to demonstrate the proposed HEMS and to provide
the interface between loads and scheduler, respectively. A set of the most common home appliances,
namely, air conditioner, water heater, refrigerator, and washing machine has been considered to be
controlled. The proposed scheduling algorithm is applied under two cases in which the ﬁrst case considers
operation at weekday from 4 to 11 pm and the second case considers weekend at different time of the
day. Experimental results of the proposed BBSA schedule controller are compared with the binary particle
swarm optimization (BPSO) schedule controller to verify the accuracy of the developed controller in the
HEMS. The BBSA schedule controller provides better results compared to that of the BPSO schedule
controller in reducing the energy consumption and the total electricity bill and save the energy at peak
hours of certain loads.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Many critical shutdowns happened in the electric power networks in many countries such as in Italy in 2003, Indonesia in 2005
and in both Canada and United States in 2003 [1]. Power outages
sometimes occur due to increased number of residential appliances, increasing cooling and lighting demand and over-demand
from customers in the period of peak hours [2]. Peak time load
occurs in the grid when most customers are using electricity at
the same time in a day [3]. As a solution to meet the high power
demand, electricity suppliers are forced to increase generation
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by building additional conventional power plants [4]. However,
this solution is unsustainable because of low plant utilization factor, increased carbon dioxide emission that contributes to climate
change and increased the costs of investment [5].
Demand response (DR) program is one of the demand side management (DSM) solutions that has been investigated in the United
Kingdom and other countries since 1970s to reduce energy consumption during peak hours and to increase plant utilization [6].
DR has been deﬁned as changes in electricity use by demand-side
resources from their normal consumption patterns in response to
changes in the price of electricity or to incentive payments designed
to induce lower electricity use at times of high wholesale market
prices or when system reliability is jeopardized [7]. The DR scheme
can help the participating customers to save on electricity bills
when they reduce their electricity consumptions during peak hour
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and shifting peak time load to off-peak time [8]. Several studies
have been focused on peak load energy reduction and DR systems
beneﬁts and challenges [9–12]. According to the US Department of
Energy, the residential DR programs can be classiﬁed into incentivebased programs and price based programs [13]. In incentive-based
programs, the utility can access and control the appliances of end
users and provide ﬁnancial incentives for demand reduction during peak hours to participating customers and the consumers get
a discount rate for their participation such as direct load control
[14]. However, by direct access to control on/off home appliances
intrude occupant’s privacy and this option is regarded as one of the
drawbacks of incentive-based programs [15]. In price based programs, consumers voluntarily modify the power consumption in
their houses based on time-based electricity and follow the real
time cost of electricity by using tariff price program such as time of
use pricing, real time pricing and critical peak pricing [16]. These
programs will offer different prices at different times of the day like
during off-peak and on peak periods to reﬂect the ability of the utility to produce the energy needed. Time-of-use pricing is the most
common residential electricity tariff and currently considered for
execution in many utilities around the world which is divided into
time slots at various seasons of the year or hours of the day using
smart energy meters [17]. The smart energy meter can provide twoway communication between customers and utilities and the DR
signal can offer incentive to customers to make decisions accordingly on electricity consumption [18]. Moreover, the homes have
the option to send the status and information about their energy
consumption [19,20]. A smart home enabled with residential DR
strategies is usually equipped with a home energy management
system (HEMS) that manages controllable appliances associated
with smart outlets and smart meter [21]. The technology for HEMS
is efﬁcient with communication technology, which connects home
appliances for remote management based on the internet and a
combination of the home network to reduce the peak demand
without affecting the comfort of the consumers [22,23]. By using
HEMS, the overall electrical appliance loads can be fully automated
and controlled with enabled DR programs at the domestic sector
[24]. Various studies have discussed the concept and scheduling
strategies of smart HEMS [25–30].
In recent years, many decision-support tools and optimization
techniques have been applied to help domestic customers in reducing the energy consumption by creating an optimal home appliance
scheduling of energy usage based on different pricing schemes and
comfort settings. To achieve this goal, there is need to implement
smart control in the domestic building. In [31], distributed control
algorithms have been applied to schedule home appliances with
DR based on the communication network architecture. The genetic
algorithm with artiﬁcial neural network (ANN) has been applied
to schedule home devices and optimize energy consumption in
the domestic sector by reducing the demand during peak periods
[32]. Hybrid lightning search algorithm based ANN has been used
to predict schedule controller in a HEMS [33]. In [34], autonomous
demand-side management system based on game theory approach
has been developed to optimize the appliances energy consumption and manage residential loads that help homeowners to select
the priority of appliances considering either electricity cost reduction or customer comfort. In [35], electrical appliances have been
scheduled to reduce electricity cost based on dynamic pricing using
robust optimization and stochastic techniques. In a related work in
[36], hardware based HEMS incorporating DR has been developed
to control the customers household by using a rule based technique.
A prototype smart HEMS using machine learning algorithm with
dynamic price response has been developed in [36]. A rule based
HEMS to control and schedule four home appliances that include
water heater, air-conditioner, clothes dryer and electric vehicle
considering residential demand response application and rules has

been developed in [37]. In [39], a smart plug was developed with
Zigbee sensor for measuring and monitoring the power consumption of home appliances in the HEMS. A major issue that is faced
in scheduling and shifting user loads is the minimization of the
electricity consumption during peak hours without affecting the
comfort of occupants. However, most previous researchers focused
on reducing electricity bills and saving energy without considering
user comfort. Thus, to schedule and control home appliances there
is need to take into account all possible challenges, such as comfort
level, demand limit and tariff.
This paper presents a new binary backtracking search algorithm
(BBSA) based real time optimum schedule controller for HEMS to
achieve energy savings and limit the household peak demand in
the home on the basis of the scheduled operation of several appliances according to a speciﬁc time, resident comfort constraints
and priority. Furthermore, hardware smart socket and graphical
user interface (GUI) of HEMS are designed and build with Zigbee
modules and various sensors are used to control a certain load.
In addition, this paper suggested two cases to schedule the home
appliances. The ﬁrst case considers DR signal from 4 to 11 pm on a
week day and the second case considers different time of the day
at weekend. An average single-family home size 2300-square feet
with 5 persons have been considered as a case study in Malaysia.
Four appliances, namely, air conditioner (AC), water heater (WH),
refrigerator (REF), and washing machine (WM), are considered controllable. To validate the developed BBSA schedule controller the
results are compared with the binary PSO schedule controller.

2. Development and design of the home energy
management system
The HEMS consists of four devices, which are AC, WH, WM,
and REF. The overall system can help homeowners in controlling
and monitoring the energy consumption of the appliances by gathering the data from selected loads by utilizing smart socket. The
smart socket provides the interface between the developed HEM
and the non-smart load appliances in real time. The smart socket
is designed to provide remote control of non-smart loads thus providing a practical solution to interface the loads with the developed
system and schedule on/off status of selected loads [38]. In the
operation of the HEMS, it is assumed that the house is equipped
with smart meter which continuously communicates between utility and homeowner and can receive DR signals from the utility. This
signal and other user preference conditions are used as inputs to
the system to perform local control.
The DR signal with information on the duration, situation and
amount of load to be shed is assumed to be received directly from
a smart meter in the HEMS. The following subsections describe the
required setup of the proposed HEMS (Fig. 1).

2.1. Graphical user interface design
The HEMS includes GUI and associated software to assist customers in monitoring the total and individual power consumption,
monitor the on/off status of home appliances, the room temperature, and water temperature for WH as shown in Fig. 2. As depicted
in the ﬁgure, the dashboard can display the power consumption
in (Watt) for each load, the room and water heater temperature
in ◦ C, the total power consumption and also the total energy in
(kWh). Furthermore, it is possible to turn on/off each home appliance manually from a push button switch display in the developed
dashboard.
The proposed software includes the DR algorithm that represents the main controller. In addition, this software is able to collect
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Fig. 1. Main elements of the developed HEMS.

Fig. 2. Graphical user interface of the proposed HEMS.

the power consumption and temperature data from the loads using
the interface and store in a database.
2.2. Smart socket hardware for individual electrical appliance
A prototype smart socket is developed as a stand-alone device
similar to a plug with ZigBee wireless communication to connect
the non-smart loads to the HEMS. The smart socket measures the
power consumption by reading the current and voltage of the
connected electrical appliance and controls it with an electromechanical relay in the slave socket [39]. It also provides remote

monitoring and off/on control of the appliances for implementing
the HEMS in smart homes. The slave circuit of the smart socket
hardware is shown in Fig. 3. A node is connected to a home appliances and it is used for sending power consumption data of each
device by means of ZigBee wireless module to a data collection
device such as a personal computer (PC). This design is different
than others because it can provide power supply to all sensors
and components in the circuit unlike the some devices with batteries to provide DC voltage to the rest of the circuit. In addition,
the smart socket is equipped with temperature sensor to measure
the temperature inside the room.
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Fig. 3. Slave circuit structure of smart socket node.

Fig. 4. Prototype of smart socket; (a) PCB layout, (b) PCB printed, and (c) prototype hardware.
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Fig. 5. Laboratory testing and design of smart socket.

As shown in Fig. 3, the transformer steps down the mains voltage
from 220 V AC to 12 V DC to provide voltage to the electromechanical relay, LM7805, provide 5 V to the current sensor, LM 1117 and
provide voltage to the ZigBee wireless module. Additionally, the
current sensor signal at CH1 is connected to the ZigBee pin B20,
and the temperature sensor reading at CH3 is connected to pin
B17. The current sensor type ACS712 ±15 A is used and its output is connected to an operational ampliﬁer (op-amp) based signal
conditioning circuit so as to read the required analog values to the
pins of the analog input of the Zigbee module. The output voltage
connected to voltage divide circuit with variable resistor and the
voltage signal at CH2 is connected to pin B19. The proposed circuit
is used to record energy and power consumption by using current,
voltage and also to turn on/off the loads. The ZigBee transceiver
sends digital data signals to other ZigBee transceiver which is usually connected to the PC. Fig. 4 shows the PCB and the hardware of
the implemented smart socket.
The output signal of the actual measured voltage value Vt is calculated based on several signal conversion stages. The peak value
of Vt is proportional to the reference value of the ZigBee, which is
3.3 V. Thus,
Vt = Vout ∗ K v

(1)

where Vout is the scale down output voltage of the bridge rectiﬁer, while K vis the voltage scale down constant which is given
by(R1 + VR1) / (VR1).
The conditioning circuit is used for the conversion from AC to
root mean square (RMS) signal. Since the ZigBee has a built in 10bits analog-to-digital converter ADC, therefore 10 bits = 1024 steps
(0–1023), so the step size is 3.3 V/1024 = 3.22 mV.
The voltage Vt is expressed as,







K v ∗ ıvt ∗ Vref / 210 − 1

(2)

where ıvt is the reading from channel CH2 of the analog-to-digital
converter at time interval, t.
Similar to the voltage signal measurements, the peak value of It
is proportional to the reference value of the ZigBee, which is 3.3 V.
The conditioning circuit is used for the conversion from AC to RMS
signal. Thus,
It = Viout ∗ Ki

(3)

where Viout is the scale down output voltage which is equivalent to
the measured current which is limited by Vref < Vout < 0, while Ki is
the current scale down constant and can be given by (Imax /Vref ):
The current, It is determined by using the following equation:







It = Ki ∗ ıit ∗ Vref / 210 − 1

(4)

where Vref is the supply voltage of the circuit which is 5 V and ıit is
the reading from channel CH1.

Table 1
Conﬁguration and speciﬁcation of ZigBee.
Parameter

Value and Unit

Power supply
Transmit Power
Operating channel (CH)
Baud rate (BD)
Stop bits
Data bits
Data Process Power
Power level (PL)

2.8–3.7 V
1.3 mW
2.415 GHz
115200 bps
1
8
64 mW
−10 dBm (0.1 mW)

The total power of the device is then calculated by using,
Pt = It ∗ Vt

(5)

The performance of the prototype was tested in the laboratory
at Universiti Kebangsaan Malaysia (UKM) in terms of data transmission rate and accuracy of the received data as shown in Fig. 5.
The circuit board sizes are designed such that it can be placed
inside the socket. The smart socket is also designed to satisfy the
higher and lower power ratings of the home appliances. To test the
accuracy of the received data, an energy analyzer is used to determine the current and voltage readings. The received signals through
the ZigBee wireless module are compared with that measured on
the oscilloscope. From the comparison, it is shown that the maximum error of the received signals is small and found to be about
5%.
2.3. ZigBee Wireless Protocol
The ZigBee wireless module is an independent network technology module which is popular and low cost. It uses 2.4 GHz radio
frequency and work at the protocol of IEEE 802.15.4 with data transferring between nodes up to 250 kbps [40]. The ZigBee has been
designed in small size with various models and consumes very
low power when used for monitoring and control system. It transmits and receives data in the wireless sensor network [41]. Several
research works on energy consumption in smart home uses ZigBee
wireless module due to the aforementioned advantages [42,43].
Thus, in this work, ﬁve ZigBee type (XBee Series 2) as shown in
Fig. 6 are used. Four of the ZigBee wireless modules are connected
and conﬁgured with the sensors through signal conditioning circuits to act as sensor nodes to transmit the data while the other
node acts as the coordinator node which is connected to a personal computer (PC) with an appropriate MatLab software driver
to access the data and control the home appliances in real time. The
speciﬁcation and conﬁguration of the ZigBee module is illustrated
as shown in Table 1. The ZigBee conﬁguration for both the coordinator and sensor are programmed based on the software X-CUT to
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operating time after DR interval has elapsed so as to maintain the
total power consumption below its DL.
3.2. Overview of back tracking search algorithm (BSA)

Fig. 6. ZigBee type Xbee pro series 2.

set parameters by linking the module to the USB serial port. In the
network, the baud rate (BD) and operating channel (CH) should be
the same so as to ensure communication between the sender and
coordinator. The analog to digital converter (ADC) of each ZigBee
module has a resolution conversion of 10 bit.
2.4. Experimental setup
The proposed system consists of PC as a control center with the
Matlab/software and Zigbee coordinator. The Zigbee is connected
to the PC which acts as a coordinator to receive and send data to the
four home appliances and signals to switch on/off the controllable
loads. The smart socket is connected to each home appliance and
the data will send to the control center by zigbee communication
by sending signals to turn on/off the home appliances in the HEMS.
The experimental setup of the whole system is shown in Fig. 7.
3. Proposed optimal schedule controller of HEMS
There are some difﬁculties to get the best optimal schedule for
the home appliances and switch customer loads to decrease the cost
of electric power consumption during DR event using simple rules.
Therefore, some advanced optimization techniques are required for
scheduling home appliances. The optimal schedule controller consist of three sub components that include schedule conditions of the
customer, optimization technique and the design of the proposed
schedule controller as explained in following sub-sections:
3.1. Customer comfort preference and appliance priority
Each appliance is compared on several set points, including load
priority, power consumption, and customer preference, by settings
on the room temperature of AC and the water temperature of WH.
The homeowner preference settings and load priority is shown in
Table 2.
Table 2 shows that the ﬁrst priority is AC where the room temperature should be maintained in the range of 23–26 ◦ C. The second
priority is WH with the hot water temperature maintained within
the acceptable range of 40–60 ◦ C. Fig. 8 shows the ﬂowchart of the
schedule controller conditions for home appliances.
At the initial, the data is read from all the mentioned appliances.
Then each appliance is compared with several set points indicated
in Table 2. If the total electrical power consumption is greater than
the demand limit (DL), the algorithm will turn OFF the lowest priority appliance starting with REF, and force the loads to shift their

Optimization is a process that is used to ﬁnd the best solution
of the objective function depending on the input information and
optimization limitations in order to improve performance of the
system and to solve actual-valued numerical optimization problem. The aim of the optimization techniques are to improve the
applications by ﬁnding minimal error, minimal cost, maximum
performance and efﬁciency [44]. BSA is an optimization algorithm
proposed by Civicioglu in 2013 based on producing a trial population which evolves using two new mutation and crossover
operators [49]. BSA dominates in the search of the best value of the
populations and searches in the space boundary to get the exploitation capabilities and very robust exploration [45]. It been utilized
in considerable research and is widely used to solve optimization
problems [46,47]. Details of the BSA can be found in [48].
The process of initialization is the basic conﬁguration of population to generate the value of initial population (Zij ),





Zij = rand ∗ upj − lowj + lowj

(6)

where j = 1,2,3...M, M is the problem dimension and i=1,2,3...M, M
is the population size. The objective function (Obj) is calculated for
each population.
The historical population (oldzij ) is used so as to calculate the
search direction by using,





oldZij = rand ∗ upj − lowj + lowj

(7)

The historical population remembers a randomly chosen population for the previous generation to create a new trial population
by taking partial advantage of prior experiences and generate the
search direction matrix. The following condition is demonstrated
by comparing the two random variables:
ifa < bthenoldZij = Zij

(8)



oldZij = permuting oldZij



(9)

The next process is mutation that generates theoldZij and the
new initial population. The BSA produces a trial population, Tij , and
from previous generations takes its experiences of a partial feature
by using,



mutant = Zij + rand ∗ oldZij − Zij



(10)

The trial population, Tij is generated in the process named as
crossover. The crossover is utilized to update the binary matrix,
BAij by generating the binary matrix and compare it between the
Tij andZ ij . The comparison is used to control the mechanism of
boundaries for trial population and to get the best objective value.
3.3. Design of the proposed BBSA schedule controller
The proposed binary BSA (BBSA) is used to control and schedule
the home appliance in the HEMS by creating the curtailment schedule at a speciﬁc time. The target of the proposed BBSA is obtained
by minimizing a predeﬁned objective function. The implementation of the proposed algorithm starts by resetting the parameters
of the BBSA, namely, the number of population size (P), the maximum iterations (T), and the number of problem variables (N). In
this work, 20 populations and 1000 iterations are used to get the
best results. The ﬂow diagram of the proposed BBSA is shown in
Fig. 9. After generating the initial value of population (Zij ), the sig-
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Fig. 7. Experimental setup of the HEMS.
Table 2
Load priority and power ratings characteristics.
Appliance

Priority of Loads

Customer comfortable lifestyle.

Power in (kW)

Air conditioner (AC)
Water heater (WH)
Washing machine (WM)
Refrigerator (REF)

1
2
3
4

Temperature of room 23–26 ◦ C
Temperature of water 40–60 ◦ C
Usage: Different intervals
Usage: 24 h

1200
800
500–600
150–190

START
From Table 2 . read the appliances power
rating
Room temp, comfort level, load priority
and user demand limit (UDL).
Indicate the value of load to shed (LS)
according to utility DR data signal
Calculate the new demand limit
(NDL)=UDL-LS
Switch device status for all appliances and
calculate current demand (D)
NO
4

YES

3
OFF

OFF
WM

AC
ON

WM < priority

REF< priority

OFF

WH

ON

ON

NO

1

2

OFF

REF

ON

WH < priority

AC < priority
NO

NO
YES

YES
OFF

NDL< D

OFF

NO
YES

YES
OFF

Fig. 8. Flowchart of the schedule controller conditions considering load priority.
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whereSi is the sigmoid function,w is the population value and PB is
its binary value.
If the Si value is greater than 0.5 the PBis 1, otherwise the PB
is 0. In addition, the schedule controller conditions are executed
by following the ﬂowchart shown in Fig. 9 and the load priority given in Table 2. BSA and its binary version show signiﬁcant
potential in locating near-optimal scheduling controller in highly
dimension, and non-continuous optimization problems. After executing the conditions of the schedule controller, the proposed BBSA
run schedule controller of the home appliances for each population
(Zij). Thereafter, the objective function for each population is calculated. The energy consumption is used as the objective function to
improve the performance of the HEMS by minimizing the energy
consumption for 24 h, which leads to reduce the electricity bill as
shown in the following equation:

START
Reset BSA param eters: m axim um iteration (T),
problem dim ension (D), population size (N), F
Generate initial population (Zij) using Eq. (6)
Convert population value to binary value using
Eq.s (11) and (12)
Yes

i>N
Reach m axim um population

No
Executed schedule controller conditions using
Fig (8)
i=i+1
Run the proposed schedule controller of the
hom e appliances for each population (Zij)

Obj =

Calculated the objective function for each
population (Zij) using Eq.(13)

t>T
Reach m axim um population

(13)

where Objis the objective function, Pt is the total power consumption in (kW) and T is the time in hour.
The scheduler controller is created by utilizing BBSA to turn the
four home appliances ON/OFF according to priority of appliances,
and homeowner preferences, as shown in Eq. (14).

Yes

⎡

No

AC1

WH1 REF1 WM1

⎢ AC WH REF WM
2
2
2
2
⎢
⎢
OSC = ⎢ :
⎢ :
⎣

Update historical population (old Zij) using
Eq.s (8) and (9)
Generate the initial of the trail population
M utant using Eq. (10)

:
ACn

Convert population value to binary value using
Eq.s (11) and (12)

⎤
⎥
⎥
⎥
⎥
⎥
⎦

(14)

WHn REFn WMn

where OSC is the optimal schedule controller, n is the dimension
which is equal to 42. The decision of proposed controller has been
made for every 10 min for weekday and weekend. Every hour needs
6 decisions as well as for 7 h there is need 42 decisions. Period of
weekday is 7 h from 4 to 11 pm as well as, weekend is 7 h divided
into 9 am to 12 pm, 4–6 pm, and 9–11 pm. The dimension decision
vector of the population is 42 row and 4 columns.

Calculate a binary integer valued m artix (BAij)

Generate the final of the trail population (Tij)

i>N
Reach m axim um population

Pt (i) ∗ T

i=0

Generate initial historical population (old Zij)
using Eq.(7)

n=n+1

n


Yes

4. Results and discussion

No
Executed schedule controller conditions using
Fig (8)

i=i+1

Run the proposed schedule controller of the
hom e appliances for each population (Tij)
Calculated the objective function of the each
particles using Eq.(13)
Choose m inim um of the objective function and
find the best schedule
Output the optim um schedule controller of the
hom e appliances
END
Fig. 9. Flowchart of the proposed BBSA based schedule controller.

moid equation is used to convert population to a real binary value
between 0 and 1 by using the following equations:
Si =

1
1 + e−w



PB =

0, si < 0.5
1, si ≥ 0.5

(11)

(12)

In this research, the DR event considered for two cases, namely,
weekday and weekend. During weekday, the event starts from 4
to 11 pm and at weekend the event starts at different time intervals from 9 am to 12 pm, 4–6 pm, and 9–11 pm respectively. The
proposed schedule controller is used to reduce the energy during
the DR events considering four appliances per 7-h for weekday and
weekend. The value of DL is considered to be 1300 kW. The total
power consumption at weekday is found to be 23 kWh, whereas
in the weekend it reaches 25 kWh per day. The behaviour of home
appliance for saving energy is important to be considered to give
good background to the researchers in the future. In addition, the
behaviour of each home appliance can be easily changed according
to the customers setting, for example, the air conditioner and refrigerator are working 24 h at weekday and weekend whereas washing
machine (WM) and water heater (WH) are operating according to
the home owner use. However, in the design of the experiment, the
weather conditions do not change very much for Malaysia unlike
countries with four seasons [49].
The proposed BBSA schedule controller is compared with BPSO
schedule controller to validate the developed controller. For fair
comparison, the population size and maximum iteration are 20
and 1000 for the BBSA and BPSO controllers. Figs. 10 and 11 illustrate convergence characteristics of the BBSA and BPSO schedule
controllers. Fig. 10 shows the weekday results in which the BBSA
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Fig. 10. Performance comparison between BBSA and BPSO on a week day.
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Fig. 11. Performance comparisons between BBSA and BPSO at weekend day.

(a) 2000
1000

Power (W)

0
(b) 10000 1
500

2

3

4

5

6

7

8

2

3

4

5

6

7

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1

2

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

0
(e) 30000 1

2

3

4 5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2

3

4

6 7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

0
(c) 1000 0 1

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

500
0
0
(d) 400
200

2000
1000
0

0 1

5

Time (hour)
Fig. 12. Weekday power consumption without controller (a) AC, (b) WH, (c) WM (d) REF and (e) the total power.
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Fig. 13. Real time power consumption with BBSA schedule controller at weekday (a) AC, (b) WH, (c) WM (d), REF and (e) the total power.
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Fig. 14. Real time power consumption with BPSO schedule controller at weekday AC, (b) WH, (c) WM (d) REF and (e) the total power.

4.1. Proposed real time optimal scheduling controller result for a
week day
The power consumption data in real time is collected for 24 h
without controller at weekday in Malaysia. In the weekday case,
the power consumption for each home appliance which includes
AC, WH, WM, and REF and the total power consumption have been
collected from the HEMS without using the schedule controller as
shown in Fig. 12.
The DR signal in the weekday is considered between 4pm to
11pm. To determine the optimal schedule of the home appliances,
the BBSA is used as a schedule controller to the HEMS for weekday
to achieve the best energy saving for each device, namely, AC, WH,
WM, and REF as shown in Fig. 13. The BPSO schedule controller is
compared with BBSA schedule controller to validate the developed
algorithm and the performances of AC, WH, WM, and REF are as
shown in Fig. 14.
The total power consumption for home appliances before and
after using BBSA schedule controller at weekday is shown in Fig. 15,
and the comparison with BPSO schedule controller is shown in
Fig. 16.
From Fig. 15, it can be noted that the BBSA schedule controller
for HEMS will turn off the lower priority device when the total
electrical power consumption exceeds the DL and schedule the
operation to off peak hour so as to maintain the total power consumption below its DL.The results of the proposed BBSA schedule
controller can signiﬁcantly reduce the peak-hour energy consumption at weekday during the DR which is 4.8705 kWh per day (21.07%
per day), whereas the energy saving by using the BPSO is 4.52 kwh
per day (20.55% per day) as shown in Fig. 16. A comparison of results
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Fig. 15. The total power consumption at weekday before and after implementing
the BBSA based schedule controller.
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schedule controller can reduce the energy consumption of the
household appliances from 23 kWh per day to 18.1 kWh per day
whereas the BPSO schedule controller can reduce the energy consumption from 23 kWh per day to 18.4 kWh per day. Similarly,
Fig. 11 shows the results of a weekend day convergence characteristics. The BBSA schedule controller reduces the energy consumption
of the household appliances from 25 kWh per day to 18.3 kWh per
day and BPSO from 25 kWh per day to 18.7 kWh. It can be noted that
BBSA is better than BPSO schedule controller in reducing the energy
consumption at both weekday and weekend. Besides, the BBSA
controller achieves faster convergence than the BPSO controller.
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Fig. 16. The total power consumption at week day before and after implementing
the BPSO based schedule controller.

shows that the BBSA is better than the BPSO in terms of scheduling
household appliances and reducing the peak load at weekday while
guaranteeing homeowner comfort associated with the operation of
appliances.
4.2. Proposed real time optimal scheduling controller result for a
weekend day
In the weekend case, the DR signal in the weekend is represented
by different times, which are between 9 am to 12 pm, 4 pm to 6 pm,

M.S. Ahmed et al. / Energy and Buildings 138 (2017) 215–227

225

(a) 2000
1000

Power (W)

0
0 1
(b) 1000
500
0
0 1
(c) 1000
500
0
0 1
(d) 400
200
0
0 1
3000
(e)

2

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2

3

4

5

6

7

8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2

3

4 5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2

3

4

6 7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

2000
1000
0

0 1

5

Time (hour)
Fig. 17. Weekend power consumption for home appliances without controller.
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Fig. 18. Real time power consumption with BBSA schedule controller at weekend AC, (b) WH, (c) WM (d) REF and (e) the total power.

and between 9 pm to 11 pm. The power consumption for each home
appliance at weekend is measured without controller by using the
proposed experimental HEMS as shown in Fig. 17.
The result of the proposed BBSA schedule controller in the HEMS
at weekend is shown in Fig. 18. The ﬁgure shows the power consumption for each home appliance, which is WH, AC, WM, FEF and
the total power consumption. The DR for each time in the weekend
is presented by the dot green square. The same test is applied in the
weekend by optimal BPSO schedule controller as shown in Fig. 19.
In addition, the total power consumption for home devices
before and after using BBSA schedule controller at weekend is
shown in Fig. 20, whereas, the comparison with BPSO schedule
controller is shown in Fig. 21.
Fig. 20 shows the results of weekend day before and after using
the BBSA schedule controller at different times of the day. The
total energy consumption is reduced during DR periods with the
total power consumption kept below 1300 W. The energy saving
at weekend per 7 h for four home appliances is up to 6.6 kWh per

day (26.1% per day) by using BBSA, whereas, using BPSO schedule
controller the saving energy is 6.3 kWh per day (25% per day).
5. Conclusions
The application of the BBSA to determine the optimum schedule
has been presented for use in the HEMS in real time. The comparison of results showed that the BBSA schedule controller is better
than the BPSO schedule controller in terms of reducing the energy
consumption of home appliances at weekday and weekend without affecting the comfort level of the customers associated with the
operation of the appliances. The BBSA schedule controller achieved
in saving energy by 4.87 kWh per day (21.07% per day) at weekday
and 6.6 kWh per day (26.1% per day) at weekend. The energy saving
results of the BPSO schedule controller is 4.52 kWh per day (20.55%
per day) at week day and 6.3 kWh/day (25% per day) in the DR periods. The results proved that the performance of the BBSA schedule
controller is better in terms of saving energy compared to the BPSO
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schedule controller as well as actively controlling the loads while
maintaining the power demand of household appliances within the
imposed demand limit.
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