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ABSTRACT The power schedule problem (PSP) is the problem of managing, controlling, and scheduling
power consumption of electrical appliances/devices to operate at the best periods according to several
constraints and objectives. The PSP is a complex and high-constraint scheduling problem, making its
search space extensive and rugged. The PSP components can be controlled and managed by utilizing
a communication approach that interconnects the appliances and enhances exchanging data. Several
communication approaches were used for the PSP, where the Internet of Things (IoT) is the best for
data exchange. The PSP has been extensively handled using various optimization approaches, particularly
metaheuristics, due to their capabilities to optimize different search space scales. Nevertheless, in some
cases, these optimization algorithms suffer from low execution abilities, especially with huge search spaces
like the PSP. In this study, a recent metaheuristic, called white shark optimizer (WSO), is adapted and
enhanced to address the PSP efficiently. The proposed enhanced method is introduced to improve the WSO
optimization performance and find better schedules for the PSP by hybridizing the WSO components with a
well-known optimization algorithm called equilibrium optimizer. The proposed method is called the white
shark equilibrium optimizer (WSEO). The proposed method is operated through a residential IoT system
to manage home appliances efficiently. Moreover. the PSP is mathematically formulated as multi-objective
PSP considering three main objectives, including electricity bills, power consumption balance, and users’
comfortabilities. In the evaluation stage, a new case study in the United Arab Emirates (UAE) is proposed
that contains most of the available appliances in the UAE. The evaluation is presented in three main phases,
including original, original with a hybrid approach, and hybrid approach evaluations. The proposed WSEO
outperformed all compared methods in optimizing the PSP.

INDEX TERMS White shark optimizer, equilibrium optimizer, white shark equilibrium optimizer, power
schedule problem, IoT.

I. INTRODUCTION
Smart grid technology has significantly emerged in the last
decade due to its efficiency in improving power systems for
power suppliers and the comfortability for users bymaking all
home appliances smarter. Themajor key to such enhancement
is the technologies used in the communication system. The
smart grid utilized a two-directional communication system
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between all grid components to send power flow and receive
feedback [1], [2], [3], [4].

The two-directional communication system enhances the
interaction between users and their home appliances and
makes it faster. Several promising technologies can be
utilized and applied to control such a system, where the
Internet of Things (IoT) is the essential [5], [6], [7]. The IoT
is a new and promising technology that stands for the
interrelations between electrical devices through the internet.
The main components of the IoT are wireless networks used
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for transmitting and collecting data and electrical devices or
appliances [5], [7].

Although the smart grid and IoT can significantly enhance
power systems and user satisfaction, scholars expect power
suppliers and users to face an issue related to power
consumption inflation in peak periods, which leads to a
shortage in generating enough power for users. Accordingly,
the power suppliers will oblige to operate additional power
generators to address such an issue and generate enough
power. Thus, operating new power generators increases the
cost of the power production and the electricity bill (EB)
for users [1], [4]. To address such an issue, power suppliers
provide a solution to minimize the power consumption at
peak periods by converting the fixed pricing scheme into a
dynamic, where the power prices are high at peak periods and
low during the off-peak periods. The dynamic pricing scheme
incentivizes users to operate their appliances during off-peak
periods and consume power at a lower cost [3]. Thus, the
power will be distributed throughout the day, and the power
system stability and reliability will be maintained [8], [9],
[10], [11]. The most popular dynamic pricing schemes are
time-of-use price, critical period price, real-time price, and
inclining block rate [4], [12], [13].

Managing, controlling, and scheduling power consumption
of home appliances to operate at off-peak periods is called the
power scheduling problem (PSP). The PSP conduct several
constraints that increase the complexity of finding the best
schedule, including optimizing EB and comfortability for
users and maintaining the power system by despreading
power through the time horizon, called peak-to-average ratio
(PAR) [4].

The PSP is mathematically formulated as an NP-hard
optimization problem to find the best schedule considering
all constraints/objectives, including EB, user comfort (UC),
and PAR. The optimization problems can be formulated as
single- or multi-objective problems based on the number of
their objectives. The PSP is formulated as a single objective
to optimizing EB and as multi-objective to address all
objectives [14], [15], [16], [17].

Various optimization methods were proposed to handle the
PSP and find the optimal power schedule. The metaheuristic
(MH) algorithms are the most common ones. HM algorithms
are general optimization frameworks that initiated with
random solution(s). They are iteratively optimize the current
solutions based on intelligent operators controlled by specific
parameters to explore a vast search space region and making
use of accumulative search until a ‘‘good enough’’ solution
is obtained. Conventionally, The research community cate-
gorized the MH algorithms in accordance with the number
of initial solutions into local search-based and population-
based where the later is classified into evolutionary-based
algorithms and swarm-based algorithms. The MH algorithms
used for PSP problems include Genetic algorithm [18], [19],
[20], Particle swarm optimization [21], [22], differential
evolution [23], [24], grey wolf optimizer [25], and Artificial
immune algorithms. [26].

Recently, a new swarm-based MH algorithm have been
introduced called White Shark Optimizer (WSO) to emulate
the hunting behaviour of white shark [27]. It is very
impressive MH algorithms with several common advantages
such as it is derivative-free, parameter-less, simple and
adaptable, admissible and monotone, sound and complete.
Therefore, it has been used to tackle power flow solution of
power systems with renewable energy sources [28]. However,
WSO like other MH algorithm have some drawbacks such as
slow convergence and unbalanced diversity. Since the PSP is
NP-hard due to its vast, rugged, and deep search space, the
basic version of WSO should be modified or hybridized to
cope with the PSP search space complexity. Indeed, a large
number of hybrid MH algorithms have been introduced for
PSP as reported in [4].

In this paper, a hybrid version of WSO is proposed to
address the PSP efficiently. The hybrid WSO abbreviated
as WSEO is introduced on the basis of the components
of a robust optimizer called Equilibrium Optimizer (EO).
According to the authors knowledge, this hybrid scheme is
the first trial to add components from EO within the iterative
improvement loop of WSO. The primary aim of proposing
the WSEO is to enhance the WSO searching capabilities and
emphasize exploration and exploitation and achieved the best
balance between them. The main contributions of this paper
are as follows:

• The PSP is reformulated and modelled as an optimiza-
tion problem considering all its objectives, including
EB, PAR, and UC. Two parameters are modelled that
affect the UC level to obtain more accurate comfort
results. These parameters are appliances waiting time
and capacity power limit. The PSP is formulated as a
multi-objective optimization problem to find the best
schedules that optimize all objectives simultaneously.
The scalarization method is utilized for the objective
function due to its efficiency in dealing with more than
three objectives.

• TheWSO is adapted and utilized to address the PSP and
optimize all its objectives efficiently.

• The WSEO is proposed by hybridizing and combining
the searching components of the WSO and EO to
enhance the performance of the WSO search agents
in finding the best schedules by emphasizing the
exploration and exploitation capabilities and obtain the
optimal balance between them to avoid stagnation in
local optima. The EO is utilized to modify and enhance
the worst solutions in the WSO population.

• The IoT technologies are used to design the system to
enhance the data exchanging between its components
and improve controlling and monitoring the appliances
operations.

In the experimental results, a new case study in the United
Arab Emirates is proposed to test and evaluate the WSEO.
In the case study, a new dataset is constructed and created on
the basis of the available smart appliances inUAE homes. The
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dataset contains seven scenarios with up to 123 appliances.
In terms of comparison, firstly, the performance of the WSO
is compared with four well-known optimization algorithms:
Differential Evolution (DE), Dwarf Mongoose Optimization
Algorithm (DMOA), Grey Wolf Optimizer (GWO), and Salp
Swarm Algorithm (SSA). Secondly, the proposed hybrid
approach is applied to these algorithms and compared with
the original methods to show and investigate the enhancement
of the hybrid approach. The new hybrid methods are DEEO,
DMEO, GWEO, and SSEO. Finally, the proposed WSEO is
compared with the DEEO, DMEO, GWEO, and SSEO to find
the best hybrid method for addressing the PSP.

The structure of this study is organized as follows.
Section II presents the the IoT technologies that can be used
to promote the communication system in the homes. The
PSP background, related works, and formulation as singe and
multi-objective are presented in Section III. The adaptation of
the WSO and the proposed WSEO illustration are shown in
Section IV. The obtained results by the proposed method and
the comparison study are presented in Section V. Section VI
concludes the paper.

II. SMART HOME BASED IoT
Surprisingly, the initial generation of smart homes focused
on automation and remote control rather than intelligence.
A smart home was formerly defined as a futuristic setting
where users could control their blinds with their smartphone
or teach their thermostat to remember their preferred
temperature. Now, this term will imply a lot more.

A smart home nowadays meets, if not surpasses, the
consumer’s expectations. Sensors, gadgets, appliances, and
the entire areas in their home capture data on how they use
them on a continuous basis. They use complex algorithms
to learn about the behaviours and identify consumption
trends. This information may then be used to tailor users’
experience down to the last detail. Figure 1 shows some
devises can be used for smart home manage and automation.
This automation can be done using The IoT.

FIGURE 1. Smart home controllers.

IoT is a connectivity of physical appliances or/and devices
equipped with sensors that share information and exchange
data via the internet utilizing cloud computing. Through
a unified framework, the appliances have the ability to
exchange and share data utilizing software [6], [7]. IoT

components and infrastructure are built on the basis of smart
environments and technologies that allow high-quality and
fast connections among appliances in order to enhance the
efficiency of real-life services and activities, like healthcare,
education, transportation, safety, and others services that
improve the comfort of residents [29], [30].

Consider the newest thermostats, such as Nest or Ecobee.
Smart home gadgets of the latest generation, which are
based on the IoT, use their sensor data to automatically
modify users’ routines’ regimes. They constantly monitor
your location and adjust the warmth as needed. The most
enjoyable portion is that you don’t need to make any action at
all. Smart thermostats employ algorithms to customize your
home’s heat to user requirements and thus save you money
on power costs. For power savings, IoT devices are typically
supplied with minimal memory, low power, and restricted
processing units. Through gateways, the IoT devices may be
interconnected internationally utilizing controller apps [31].
Figure 2 depicts an IoT architecture in general.

FIGURE 2. IoT architecture.

In urban areas, the IoT is utilized to improve user comfort
and quality of life, and it is linked to smart homes to
enable users to inspect and operate their home equipment
easily. The smart plugs, energy management controller,
controller application, smart appliances, communication
technologies, and advanced metering infrastructure are the
six core components of the smart home-based IoT, as seen
in Figure 3 [5], [7]. The controller of energy management is
regarded as the smart home’s heart since it is in charge of
interconnecting all smart home components and coordinating
all components. Smart devices used to be combined with the
technology of IoT to allow users to remotely engage with
smart apps via smartphones or tablets.

Smart devices may wirelessly share data with the smart
meter, which is in charge of monitoring the power utilized by
all devices and allowing feedback to the company of power
supply and users in order to enhance power consumption and
generation. Advanced metering technology is at the forefront
of smart home networking, allowing power suppliers and
their customers to communicate bi-directionally to transfer
and receive electricity. Furthermore, modern metering tech-
nology may increase the accuracy, control, and distribution
of the power system. The smart plug transforms ordinary
household devices into smart home appliances by connecting
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FIGURE 3. Smart home based IoT components.

them to a wifi network, allowing them to communicate
and share information between devices. Wireless methods
of communication utilised to communicate diverse smart
home devices include IEEE 802.16 based WiMAX, IEEE
802.11 based wireless LAN, and IEEE 802.15.4 based
ZigBee [32]. Customers can communicate with the appliance
via the controlling software. Additional smart devices, like
controller sensors, thermostats, renewable energy sources,
and storage systems have the ability to be added to the
system.

III. PSP FOUNDATION
The primary components of PSP and its modelling are
presented in this section. Section III-A defines the PSP and
discusses the most famous state-of-the-arts. Section III-B
models the PSP as single and multi-objective optimization
problems.

A. BACKGROUND
As illustrated earlier, PSP refers to scheduling the appliances’
operation time in a time horizon defined ahead of time on
the basis of a dynamic pricing scheme and several hard and
soft constraints. The main purpose of addressing the PSP
is to optimize EBs, PAR, and UC. The appliances can be
categorized into shiftable appliances (SAs) and non-shiftable
appliances (NSAs). The SAs are controllable appliances
that operate automatically; however, NSAs are operated
manually. Thus, users can determine the operation time
period (OT) and length of operation cycle (OC) for the SAs,
whereas it seems unusable to define these parameters for
NSAs that operate manually.

Several studies were presented to address the PSP effi-
ciently and optimally. A review analysis and study was

proposed in [4] that presents the essential research that were
proposed to address the PSP utilizing optimization methods.
The authors describe all aspects of the PSP, including
background, formulation, and datasets used by the state-of-
the-art. The study shows and presents the main advantages of
utilizing metaheuristics as optimization methods to address
PSP. A provided analysis proved the high efficiency of the
metaheuristics in handling the PSP.

The genetic algorithmwas hybridizedwith thewind-driven
optimizer to propose a new hybrid method that can optimize
all PSP objectives efficiently. The obtained results by the
proposed method were compared with other well-established
methods. The proposed method proved the high performance
on the suggested hybridization, where it achieved the best
results compared to all methods.

The genetic algorithm was also hybridized with the
moth-flame optimization algorithm for the same pur-
pose [33]. Appliances time constraints were utilized with the
proposed method to enhance its performance in optimizing
the UC level. The results obtained by the proposed method
was comparedwith fivewell-known optimization algorithms.
The outcomes proved the high performance of the proposed
method, where it demonstrated all compared methods in
optimizing the objectives.

The bacterial foraging optimization algorithm was
hybridized with the flower pollination algorithm in [34] to
address the PSP using 14 home appliances. The primary
purpose of proposing such a method was to enhance
the bacterial foraging optimization algorithm searching
capabilities and optimize more solutions. The achieved
results by the proposed method presented its significance,
where it obtained the best results among all compared
methods.
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The bacterial foraging optimization algorithm was also
hybridized with the harmony search algorithm to provide
better schedules for the PSP in [35]. The authors tested the
proposed method using 11 home appliances. The experimen-
tal results showed that the proposed method exhibited better
schedules in most of the scenarios.

A new hybrid metaheuristic version was proposed in [17]
to enhance GWO optimization behaviour and emphasize
its exploitation capabilities utilizing the min-conflict algo-
rithm. The experimental results proved the proposed hybrid
method’s performance in addressing the PSP, where it
achieved the best results among all compared methods.

Notably, the aforementioned studies showed the robust
performance of the hybridized optimization methods in
handling the PSP compared with the pure versions of the
optimization methods. The hybridized optimization methods
demonstrated the pure methods in most testing scenarios.
Thus, such methods are the most appropriate for finding the
most satisfactory schedules for PSP.

B. PSP FORMULATION
The appliances in any smart home can be categorized into
SAs and NSAs, as mentioned in Section III-A. The SAs are
controllable appliances that operate automatically, whereas
the NSAs are operated manually. Thus, users can determine
the OT and OC for the SAs, whereas it seems unusable to
define these parameters for NSAs that operate manually. The
mathematical modelling for all SAs and NSAs parameters is
illustrated below.
• Shiftable Appliances
The parameters of the SAs are formulated and described
in this section. All SAs are presented as a vector S as
follows [4], [8], [17]:

S = [s1, s2, . . . , sm], (1)

si represents the appliance i, and m represents the total
appliances. All SAs should be operated at a time horizon
(TH ). TH is presented in as slots in a horizon as follow:

TH = [th1, th2, . . . , thn], (2)

t j represents a slot j in TH , and n is the total number of
times slots in TH .
The power required by each SA at any slot can be
demonstrates in the following formulation:

PR =


pr11 pr

1
2 · · · pr

1
m

pr21 pr
2
2 · · · pr

2
m

...
... · · ·

...

prn1 pr
n
2 · · · pr

n
m

 , (3)

where pr ji is the required power by si at thj.
Asmentioned early, the parameters of the SAs, including
OT and OC , should be predefined by users. The OT
presents the startingOTs and endingOTe of the operation
periods. OTs and OTe are formulated as follow:

OTs = [OTs1,OTs2, . . . ,OTsm], (4)

OTe = [OTe1,OTe2, . . . ,OTem], (5)

where OTsi and OTei are the starting and ending
operation period of si, respectively.
The OC parameter is mathematically described as
follows:

OC = [oc1, oc2, . . . , ocm], (6)

oci is the OC of si. The starting SO and ending EO the
operations of SAs are modelled as follows:

SO = [so1, so2, . . . , som], (7)

EO = [eo1, eo2, . . . , eom], (8)

sti and eti are the starting and ending operations of si,
respectively.
Figure 4 presents all parameters of the SAs.

FIGURE 4. Parameters of the SAs.

• Non-shiftable Appliances
The users are not able to predefined the parameters of the
NSAs, where these appliances are operated manually.
The NSAs are illustrated and formulated as a vector NS
as follows:

NS = [ns1, ns2, . . . , nsq], (9)

nsk represents the NSA k , and q is the total NSAs. The
power required by the NSAs to complete the operation
cycle is modelled as follows:

PRN = [prn1, prn2, . . . , prnq], (10)

the power required by nsk is represented as prnk .

1) ELECTRICITY BILL
Most of the users implement the optimization systems to
minimize the EB by rescheduling the appliances in the home.
The EB is formulated as follows:

EB =
n∑
j=1

m∑
i=1

pr ji × ep
j, (11)

epj denotes the electricity prices during the slot j. In this
study, the real-time price is adopted and combined with the
inclining block rate to increase the usage flexibility and
balance the power demand, as suggested by [8], [13], [21].
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The inclining block rate uses two prices through TH as
follows:

epj =

{
l j if 0 ≤ epj ≤ C
hj if epj > C

, (12)

hj = λ× l j, (13)

where l j is the normal prices and hj is the highest. C denotes
the threshold of power consumed during the TH , and λ
represents a non-negative value which is the ratio between
l j and hj.

2) PEAK-TO-AVERAGE RATIO
The ratio between the average and highest power consumed
during TH is represented as PAR. The power systems’
performance can be enhanced by minimizing the value of
PAR. The PAR is modeled as follows:

PAR =
PRmax
PRAvg

, (14)

where

PRAvg =

∑n
j=1 pr

j

n
, (15)

where PRmax is the maximum power demand during TH , and
PRavg represents the average power demand during TH .

3) USER COMFORT
The UC level is enhanced in this research by utilizing
two parameters. These parameters are appliances waiting
time (AWT ) and capacity power limit (CPL). The AWT
can enhance the UC level by minimizing the delay time to
operate SAs, and CPL enhance it by operating NSAs without
surpassing C .

The AWT is computed using the following model:

AWTi =
soi − OTsi

OTei−OTsi − oci
, ∀i ∈ S, (16)

The CPL at time slot j is calculated as follows:

CPL j =

∑q
k=1 NAP

j
k

q
, (17)

where
∑q

k=1 NAP
j
k is the total NSAs that required additional

power to the available at time slot j.

NAPjk =

{
0 if PRNk < AE j

1 otherwise,
, (18)

AE j = C − PRj, (19)

AE j is the power amount that available to operate the NSAs
during time slot j.

The UC level is calculated as follows:

UC = (1− (
AWT + CPL

2
))× 100%, (20)

C. MULTI-OBJECTIVE FUNCTION
In this study, the PSP is formulated as a multi-objective
optimization problem to optimize EB, PAR, AWT, and CPL.
Several multi-objective methods were utilized, including
Pareto and non-Pareto. The Pareto methods proved their
efficiency for the multi-objective optimization problem with
two and three objectives, whereas these methods can’t be
utilized for optimization problems with more than three
objectives like the PSP [36], [37], [38]. Accordingly, one of
the non-Pareto methods called the weighted sum method is
used to aggregate all objectives and consider them as a single
objective. The weighted sum method is utilized due to its
flexibility, simplicity, and widely utilized for the PSP in the
literature [39], [40], [41]. The multi-objective formulation of
the PSP is formulated as follows:

minF(X ) = w1 ×
EB

EB+ A
+ w2 ×

PAR
PAR+ B

+w3 × AWT + w4 × CPL, (21)

where w1,w2,w3, and w4 are four weight parameters
measures the significance of each objective. A and B are two
non-negative values.

IV. THE PROPOSED METHOD
A. WHITE SHARK OPTIMIZER (WSO)
A detailed description and illustration of the WSO are
presented in this section. This section shows the inspiration
of the white shark in nature and its behaviour. Subsequently,
the main optimization processes and steps of the WSO are
discussed.

1) INSPIRATION
The WSO is a meta-heuristic population-based algorithm
inspired by the behaviour of the great white shark and was
recently proposed in [27]. Great white sharks have fully
adapted predators and impressive hunters, with powerful
muscles, good eyesight, and a fine sense of smell. Its prey
includes many marine and non-marine organisms, such as
crustaceans, invertebrates, mammals, amphibians, and sea
birds. They usually hunt prey by ambush, in which a shark
seeks to catch a target off guard and attacks with a big and
lethal bite. The far more fascinating aspects of great sharks’
collective behaviour are their unique abilities to catch prey via
swimming, as well as their unusual senses of smelling prey
scents and hearing.

2) PREY TRACKING
Like every other organism in nature, sharks roam the ocean in
search of prey and adjust their location accordingly. They use
practically every tool at their disposal to keep track, chase,
and locate their victims in this regard. They have a variety
of senses that are integrated and complementary, as shown in
Figure 5.

To begin with, sharks have a surprisingly good hearing
ability, which they utilize to explore a broad area while
hunting for prey. Second, they have a keen sense of smell

VOLUME 10, 2022 132217



S. N. Makhadmeh et al.: Hybrid White Shark Equilibrium Optimizer for Power Scheduling Problem Based IoT

FIGURE 5. White shark’s senses: smell, sight and hearing.

FIGURE 6. A great white shark with a hearing line sensor shown on its
torso.

that allows them to detect the fragrance of prey. These
characteristics enable sharks to explore the entire search
space and exploit every potential area of the search zone for
prey.

3) EXPLORATION (SEARCH FOR PREY)
While searching for prey, great sharks use an unusual sense
of hearing to explore the field of search space. They can hear
from the whole length of their bodies, which is depicted in
Figure 6 as two lines on either side of their bodies [42].

Changes in water pressure can be detected by these two
lines, suggesting prey movements. White sharks will be
enticed to approach a turbulent prey by fluctuations in water
pressure released by the prey. Also, it has organs which
can detect the minute electromagnetic fields created by prey
movement. The shark can then precisely detect the position
of prey and its size based on waves frequency drifting to them
during the prey’s mobility and its turbulence. Whenever the
shark comes dangerously near to its prey that it can sense
electromagnetic fields, it will advance toward the prey in an
undulating fashion

Following is the mathematical expression that can be used
to describe the undulating speed of sharks:

v = x × f (22)

where v is the wavy motion’s speed, x is the wavelength,
which defines the distance a shark must travel in an
wavy mobility to complete one revolution, and f is the
undulating motion’s wave frequency, which is calculated
on the basis of revolutions (i.e., cycles) that completed per
second by the shark, where Hertz (Hz) is the cycle per
second.

4) EXPLOITATION (SEARCH FOR PREY)
Sharks use their smell extraordinary sense to exploit every
available area in search space for prey. A shark’s sense
of smell kicks in whenever it gets close to the prey.
Once great sharks arrive near their prey, their smell sense
can increase exponentially until they properly locate the
prey’s location. The following kinematic expression with
continuous acceleration can be utilized to update the location
of sharks as they approach prey:

x = xi + vi ×1pt +
1
2
a(1pt)2 (23)

where shark’s new position is indicated by the letter x,
the primitive position is denoted by xi, the time interval
among the starting and current positions is represented
by 1pt , and the constant acceleration factor is denoted
by a.

In several situations, prey such as seals leaves their smells
upon leaving their location, so sharks locate no prey when
they are in close proximity to the aroma. In this situation,
sharksmust use their active senses of smell, hearing, and sight
to search in adjacent regions and explore other spots in the
search space at random.

5) OPTIMIZER MECHANISM
To locate prey positions, sharks adopt three different
behaviours: (i) the motion towards prey is dependent on the
waves’ hesitation caused by the mobility of prey; the shark
navigates to prey by using its related senses of hearing and
scent in a wavy manner, (ii) the haphazard hunt for prey in
the ocean’s depths, while sharks do this by moving towards
prey and staying near to the optimal prey, and (iii) the activity
of a shark when looking for prey in the area. In this case, the
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shark mimics the behaviour of a school of fish by moving
towards the best shark that is extremely close to the best
prey. Based on these behaviours, all sharks’ locations will be
updated with the best ideal solutions in case the prey is not
identified in a timely manner. Such behaviours are modelled
mathematically as follows:

1) Initialization of WSO
When starting the optimization process to address
a problem, WSO produces a set of random initial
solutions because it is a population-based method.
The following 2d matrix presents a population of N
sharks (i.e., population size) in search space with d-
dimensional (i.e., problem dimension), where each
shark’s position represents a potential solution to a
problem: 

ω1
1 ω1

2 ω1
3 · · · ω

1
d

ω2
1 ω2

2 ω2
3 · · · ω

2
d

...
...

...
...

...

ωN1 ωN2 ωN3 · · · ω
N
d


where all sharks in the search area are represented
by the letter ω, the decision variables number for a
particular problem is denoted by d , and the ith white
shark’s location in the d th dimension is indicated
by ωid .
A uniform random initialization is used to establish the
initial population, as follows:

ωij = lj + r × (uj − lj) (24)

where ωij is the ith white shark’s starting vector in
the jth dimension, the upper and lower boundaries in
the jth dimension are represented by uj and lj, respec-
tively, and r is a random number generated between
0 and 1.

2) Movement Speed Towards Prey
When a shark detects a prey’s position depending on the
pause in the waves it hears as the prey travels, it moves
in a wavy motion that can be characterized as indicated
in Eq. 25.

vik+1 = µ[v
i
k + p1(ωgbestk − ω

i
k )× c1

+ p2(ωv
ik
best − ω

i
k )× c2] (25)

where the updated speed vector of the ith shark in the
(k + 1)th step is denoted by vik+1, v

i
k specifies the

present velocity vector of the ith shark, ωgbestk denotes
the global best position vector achieved by any shark
so far, ωik is the ith shark’s present location vector
in the k th step, ωv

ik
best is the swarm’s ith best known

location vector, vi is the ith index vector of sharks
attaining the best position specified as in Eq.26, two
uniformly generated random numbers between 0 and 1
are c1 and c2, the forces of the sharks that influence
the impact of ωgbestk and ωv

i

best on ω
i
k are represented

by p1 and p2, that are calculated using Eqs.27 and 28,

and µ is the constriction factor proposed by WSO to
evaluate the behavior of convergence of sharks, and it
is calculated by Eq.29.

v = bn× rand(1, n)c + 1 (26)

in which, rand(1, n) is a vector of randomly gen-
erated numbers with a uniform distribution between
0 and 1.

p1 = pmax + (pmax − pmin)× e−(
4k
k )2 (27)

p2 = pmin + (pmax − pmin)× e−(
4k
k )2 (28)

in which, the present and max number of repetitions are
denoted by k and K , respectively, and the starting b and
subordinate speeds to accomplish good mobility for
sharks are pmin and pmax . After a thorough examination,
the values of pmin and pmax were discovered to be
0.5 and 1.5, respectively.

µ =
2

|2− τ −
√
τ 2 − 4τ |

(29)

where τ stands for the acceleration coefficient, that
equal 4.125, and this number was discovered after
much research.

3) Movement Towards Optimal Prey
The aroma of the prey is often left in that place, whereas
the shark can still smell it. In this scenario, the shark
moves to random sites in pursuit of prey, similar to
how a school of fish searches for food. The location
update mechanism described in Eq.30 was utilized to
characterize the behaviour of sharks as they approached
prey in this scenario.

ωik+1 =

{
ωik .q

⊕
ω0 + u.a+ l.b rand < mv

ωik + v
i
k/f rand ≥ mv

(30)

where the updated location vector of the ith shark in the
(k + 1)th iteration step is denoted by ωik+1, a negation
operator donated by q, Eqs.31 and 32 define a and b as
one-dimensional binary vectors, respectively, the upper
and lower boundaries of the search space are denoted
by u and l, respectively, ω0 is a logical vector that is
defined as seen in Eq.33, f represents the frequency
of a shark’s undulating movement, as given in Eq. 34,
random number in the range of [0,1] is denoted as rand ,
andmv symbolizes the motion force that grows with the
number of rounds as the white shark reaches the prey,
that is given as Eq 35.

a = sgn(ωik − u) > 0 (31)

b = sgn(ωik − l) < 0 (32)

ω0 =
⊕

(a, b) (33)

f = fmin +
fmax − fmin
fmax + fmin

(34)

mv =
1

(a0 + e(K/2−k)/a1 )
(35)
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4) Movement Towards the Best White Shark
Sharks can keep their location in front of the optimal
one, which is near to the prey. Eq.36 shows how this
phenomenon is expressed.

ω′ik+1 = ωgbestk + r1 ×
−→
D ω × sgn(r2 − 0.5) r3 < ss

(36)

where ω′ik+1 represents the updated location of the ith

shark in relation to the location of prey, sgn(r2 − 0.5)
returns either -1 or 1 to control the search direction, the
coefficients r1, r2, and r3 are all random numbers in
the range between 0 and 1,

−→
D ω is the spacing among

the prey and the shark, as described in Eq. 37, ss is
a coefficient proposed to expressing the strength of
sharks’ senses of sight and smell once they pursue other
sharks near to best prey, as presented in Eq.38.

−→
D ω = |rand × (ωgbestk − ω

i
k )| (37)

ss = |1− e(−a2×k/K )
| (38)

5) Fish School Behavior
To mathematically mimic the behaviour of the school
of white sharks, the 1st two best solutions were kept,
and the locations of other white sharks could be
refreshed in accordance with these optimal positions.
The following equation was introduced to determine
shark fish school behaviour:

ωik+1 =
ωik + ω

′i
k+1

2× rand
(39)

Sharks have the ability to update their location
according to the best shark that got the best location,
which is extremely close to the prey, as seen in Eq.38.
Sharks’ final location can be someplace in the search
space which is extremely near to the best prey. The
collective behaviour of WSO is identified by fish
school behaviour and the sharks’ movement into the
best shark, which expands the possibility for improved
exploration and exploitation features.

B. EQUILIBRIUM OPTIMIZER (EO)
EO is a physical law-based metaheuristic algorithm recently
proposed in [43]. The mechanism of EO is presented in this
section.

EO uses the dynamic mass balancing technique that is
based on the volume control. A mathematical formula is
utilized to express mass balance in specifying the concen-
tration of nonreactive elements in a dynamic control volume
environment. This formula is represented as a function with
multiple processes under various source and sink conditions.
For establishing the dynamic environment of the control
volume, the mass balance formula is used to apply physical
mass conservation anatomical concepts to the conservation
of mass entering, exiting, and so on. As illustrated in Eq.40,
a first-order differential formula can be used to represent a
general mass balance formula. It explains the quantity ofmass

entering the system plus the amount created within minus the
amount that departs the system as a function of time.

V
dC
dt
= QCeq−QC + G (40)

where, V dC
dt denotes mass change rate in the volume of

control, C is the concentration of control volume (V),
Q characterize the volumetric flow rate (in and out of volume
of control), QCeq stands for concentration in the equilibrium
state, and G denotes the rate of mass creation within the
volume of control. V dC

dt reaches zero to attain steady state
equilibrium.

After rearranging Eq.40 as a function of time and
integration, the resultant formula to find the concentration in
the control volume (C) is as follows:

C = Ceq + (C0 − Ceq)× F +
G

λ× V
× (1− F) (41)

where F in Eq.41 can be calculated as:

F = exp[−λ× (t − t0)] (42)

t0 and C0 in the preceding formulas denote the initial start
time and concentration, respectively, which are dependent
on the integration interval. The formula in Eq.41 is used
to compute the average turnover rate using a simple linear
regression with a known generation rate and other parameters
or to compute the concentration of control volume with a
known turnover rate.

EO’s main framework is made out of a number of
formulas. The word particle refers to a proposed solution,
and concentration is similar to particle position. Three terms
available in Eq.41:
• Ceq stands for concentration of equilibrium, and it refers
to one of the most effective options chosen at random
from the pool of equilibrium.

• (C0 − Ceq) stands for the difference in variance among
particle C0 and the equilibrium state Ceq. It is in charge
of searching the region for macro-searches.

•
G
λ×V demonstrates a high generation rate in order to hit
notable exploitation, which also helps with exploration
whereas staying away from local minima.

On the basis of these concepts, the general conceptual
description of EO can be summarized as follows:

1) RANDOM POPULATION INITIALIZATION
Within a particular search zone, the random population
(initial concentration) is initialized by employing a uniform
distribution depending on particle number and dimension.

C initial
i = Cmin + randi(Cmax − Cmin), i = 1, 2, . . . , n

(43)

where C initial
i stands for the initial concentration vector of the

ith particle, Cmax and Cmin denote upper and lower bound,
respectively, randi stands for uniform random numbers
produced in the range [0,1], and n denotes population size.
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2) EQUILIBRIUM POOL VECTOR
A pool of four promising candidates, including another
particle with a concentration equivalent to the arithmetic
mean of such four particles, must be discovered to establish
the equilibrium state (global optima). As indicated in Eq.44,
the pool vector is formed by these particles.
−→
C eq.pool = {

−→
C eq(1),

−→
C eq(2),

−→
C eq(3),

−→
C eq(4),

−→
C eq(ave)}

(44)

Over the process of evolution, the first particle adjusts its
concentration depending on

−→
C eq(1) in the first generation;

however, in the second generation, the improvement can
occur on

−→
C eq(ave). Following that, every particle with all

possible candidates is modified until the evolution process is
complete.

3) BALANCE BETWEEN EXPLORATION AND EXPLOITATION
The exponential component F in Eq.42 helps EO achieve
a appropriate balance among exploitation and exploration.
To manage the turnover rate in real control volume, λ have
to be a random number between [0, 1].

−→
F = e−

−→
λ (Itr−Itr0) (45)

where Itr is supplied as a function of iteration number and
can be expressed as:

Itr = (1−
Itr

Max_itr
)× (a2 ×

Itr
Max_itr

) (46)

where Max_itr denotes the maximum iteration and a2 used
to manage the EO ability of exploitation.

The following statement is also used to assure convergence
while improving the algorithm’s global and local search
capabilities:

−→
Itr0 =

1
−→
λ
× In(−a1 × sign(

−→r − 0.5)× [1− e−
−→
λ Itr ])+Itr

(47)

where a1 and a2 are utilized to adjust the EO algorithm’s
global and local search capabilities. The portion sign(−→r −
0.5) is in charge of the exploration and exploitation strategy.
The values of a1 and a2 in EO are set to 2 and 1, respectively.

The expressions will be altered as follows by replace Eq.47
in Eq.45:

−→
F = a1 × sign(

−→r − 0.5)× [e−
−→
λ Itr
− 1] (48)

4) GENERATION RATE
The EO algorithm’s generation rate (G) is used to enhance
exploitation, which can be used as a function of time [43].
The G of a multifunctional model’s first order exponential
decay process can be defined as:

−→
G =

−→
G0 × e−

−→
k (Itr−Itr0) (49)

where the initial value is donated by G0 and the decay
parameter is donated by k .

At last, assuming k = λ, the following is the expression
for the generation rate:

−→
G =

−→
G0 × e−

−→
λ (Itr−Itr0) =

−→
G0 ×

−→
F0 (50)

G0 is computed as follows in Eq.50:

−→
G0 = G

−→
C P× (

−→
C eq −

−→
λ ×
−→
C ) (51)

G
−→
C P =

{
0.5× r1, r2 ≥ 0
0, r2 < 0

(52)

where r1 and r2 parameters are random in the [0,1] range and
GCP is used to regulate the rate of generation.
Based on all of the preceding formulas, the final concen-

tration updating formula is defined as follows:

−→
C =

−→
C eq + (

−→
C −
−→
C eq)×

−→
F +

−→
G
−→
λ V
× (1−

−→
F ) (53)

There are 3-terms in the updating formula, as follow:

• The equilibrium concentration is available at the first
one.

• The global search is available at the second term.
• The third one is in charge of doing local searches to get
more precise solutions.

C. WHITE SHARK-EQUILIBRIUM OPTIMIZER (WSEO)
This section presents the illustration of creating and adapting
the proposed WSEO method to address the PSP. In the
proposed WSEO, the EO is utilized to enhance the WSO
searching capabilities and improve the worst solutions in its
population. The EO is utilized due to its high performance
in searching deeply in the rugged search spaces with main-
taining the balance between the global and local searches.
The WSO adopts the EO to enhance the bad solutions by
sorting the population and considering the second half as
its population. The EO will enhance the bad half of the
population and send it back to the WSO to reevaluate the
population and select the best solutions. The adaptation steps
of the proposed WSEO for the PSP are presented in Figure 7
and discussed below.

Step 1: Initialization of the PSP,WSO, and EOparameters:
This step is to initialize the PSP, WSO, and EO
parameters. For the PSP, the parameters thatmust be
initialized are S,NS,TH ,OC,OTs,OTe,ERN ,PR,
ep. eight and two parameter should be defined for
the WSO and EO, respectively. For the WSO, the
parameters are v, u, l, τ, fmin, fmin, pmin, and pmax .
For EO, the parameters are GP and V .

Step 2: Initialization of the population:
The proposed WSEO population is generated in
this step. Like other swarm-based optimizers, the
population is produced randomly, considering the
number of SAs (m) and their starting time st . Eq. 54

VOLUME 10, 2022 132221



S. N. Makhadmeh et al.: Hybrid White Shark Equilibrium Optimizer for Power Scheduling Problem Based IoT

FIGURE 7. The adaptation steps of WSEO for PSP.

shows the WSEO population.

Population =


st11 st12 · · · st

1
m

st21 st22 · · · st
2
m

...
... · · ·

...

stN1 stN2 · · · st
N
m

 , (54)

Step 3: Calculation of the fitness values:
The fitness value of the solutions in the WSEO
population is calculated and evaluated using Eq.21
in this step. Subsequently, the WSO will assign the
best solution with the fittest values to the ωgbest

Step 4: Operation of the WSO:
This step operates the search agents of the WSO
to update the solutions in the population and find
better schedules for the PSP. Once calculating the
fitness values for all solutions in the population
and assign the best solution to the ωgbest , the
WSO operations will update and generate new
solutions according to the ωgbest as shown in
Section IV-A. The new solutions will replace
the worst solutions if they have a better fitness
value.
After that, the solutions in the population are
ranked based on their fitness values, where the best
solutions are ranked highly, and the bad solutions
are ranked lowly.

Step 5: Operation of the EO:
After ranking the solutions, as shown in step 4,
the EO will take the solutions with the low ranks
in the WSO population for further enhancements.
The low-ranked solutions will be used as the
main population for the EO. The EO will assign
the best four solutions to

−→
C eq(1),

−→
C eq(2),

−→
C eq(3),

and
−→
C eq(4) to generate

−→
C eq.pool using Eq. 44.

Accordingly, the EO will update its population
to enhance their fitness values and find better
schedules. Subsequently, the EOwill return the new
solutions to the WSO population.

Step 6: Check the stop criterion:
Steps 3, 4, and 5 are repeated until reach the stop
criterion.

V. EXPERIMENT RESULTS
The proposed WSEO is tested experimentally to evaluate its
performance in addressing the PSP and achieving the best
schedules. In this experiment, the consumption profiles in
UAE are used as a case study to investigate the proposed
method’s performance. A new dataset is constructed based
on the users’ consumption and available home appliances
in UAE. The obtained results by WSEO are compared with
types of optimization methods to presents its significant
enhancement on the results.

A. DATASET AND EXPERIMENTAL DESIGN
Designing the experimental procedures and the proposed
dataset are presented in this section. The proposed methods
are examined and tested using seven different scenarios.
Each scenario is evaluated using thirty separate runs to have
an adequate and fair evaluation among all scenarios [17].
The proposed dataset contains 123 SAs and 26 NSAs.
Tables 1 and 2 present all used SAs and NSAs in this
experiment. These can be considered as the experimental
scenarios that will be used in the evaluation stage. In Table 1,
the ‘Scenario’ column explains the number of scenarios that
contain an appliance. For example, scenarios number 1, 2,
3, 4, 6, and 7 contain the first appliance (Water Heater), and
scenarios 1, 2, 3, 4, 5, 6, and 7 contain the last appliance
(Room AC).

The dynamic pricing scheme utilized in this evaluation is a
combination of the real-time price and inclining block rate to
flatten the consumption curve as much as can. The real-time
price is used due to its flexibility, where its prices are provided
based on the users’ real consumption, and the inclining block
rate is utilized due to its impact on reducing the outstanding
consumption at specific periods [4], [16]. The real-time price
is adopted from the Commonwealth Edison Company’s [44],
which is presented in Figure 8 for seven scenarios. For the
inclining block rate, according to Eq.13, the lambda value
is set to 1, 543 [16], [17]. The time horizon T is divided
into 1440 minuets, where each minuet represent a time slot.
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FIGURE 8. The price curve for seven scenarios.

The values of proposed WSEO parameters in addition to the
weight of each objective in Eq. 21 are presented in Table 3.

B. EXPERIMENTAL EVALUATION
This section contains three main comparisons to investigate
the proposed WSEO comprehensively. In these comparisons,
the original version of WSO is compared with the DE,
DMOA, SSA, and GWO to present its performance without

any enhancement. Subsequently, the proposed hybridization
is utilized for all methods, including DEEO, DMEO, SSEO,
and GWEO, and compared with the original methods to
show the impact of the proposed hybridization approach
in improving the methods and their results. To investigate
the performance of the proposed hybridization approach
for all methods, the results obtained by proposed WSEO
are compared with that of DEEO, DMEO, SSEO, and
GWEO.
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TABLE 1. SAs used in the evaluation stage.

TABLE 2. NSAs used in the evaluation stage.

1) COMPARISON BASED THE ORIGINAL METHODS
In this section, the original DE, DMOA, GWO, SSA, and
WSO are compared to show the best original optimization

TABLE 3. Parameters of WSO and EO algorithms.

method in addressing the PSP and optimize its objectives,
including EB, PAR, AWT, CPL, and UC.

The EBs obtained by these methods are presented and
compared in Table 4. In addition, the average EB reduction
is presented in the table to show the best method for reducing
the overall EBs. Note that the EBs achieved by SSA are
the minimum for all scenarios compared with the other
methods. In addition, the SSA obtained the best average EB
reduction, where it reduced the EBs by up to 5.7%, 3.6%,
6.4%, and 5.7% compared to DE, DMOA, GWO, and WSO,
respectively.

Furthermore, the SSA achieved the best PAR reduction
among all compared methods for almost all scenarios and
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TABLE 4. Comparison between the original methods in terms of EB.

TABLE 5. Comparison between the original methods in terms of PAR.

TABLE 6. Comparison between the original methods in terms of AWT.

TABLE 7. Comparison between the original methods in terms of CPL.

average reduction. The SSA obtained the best results in
optimizing PAR in 4 scenarios, where as DE achieved the
best in two scenarios and GWO in only one scenario. Table 5
presents the achieved PAR results.

In terms of AWT and CPL optimization, WSO shows a
significant minimization, where it achieved the best AWT
and CPL values in six and two scenarios, respectively.
Furthermore, theWSO obtained the best overall reduction for
both AWT and CPL, as shown in Tables 6 and 7. Accordingly,
due to the AWT and CPL affect to the UC level, the WSO
outperformed all compared methods in enhancing the UC
level, as presented in Table 8, where it obtained the best
results in six scenarios and the overall improvement by up to
0.28%, 5.03%, 2.39%, and 12.23% for DE, DMOA, GWO,
and SSA, respectively.

Note that the WSO achieved the best AWT, CPL, and
UC, and the second best PAR values in almost all scenarios,
whereas the SSA achieved the best results in reducing the
EB and PAR values. The presented results proved the high

TABLE 8. Comparison between the original methods in terms of UC.

FIGURE 9. FF reduction for original methods.

performance of the WSO in addressing PSP and optimizing
most of the objectives. To investigate the original method
optimization performance in reducing the overall objective
function (FF) (Eq. 21) for the PSP, Figure 9 presents the FF
comparison between the compared original methods.

2) COMPARISON WITH THE ORIGINAL METHODS
In this section, the original DE, DMOA, GWO, SSA, and
WSO are compared with the hybridized versions, including
DEEO, DMEO, GWEO, SSEO, and WSEO, to show
the performance and significance of the proposed hybrid
approach in addressing the PSP and enhancing the results.

The obtained EB, PAR, AWT, CPL, and UC results by DE
and DEEO are presented in Table 9. The presented results
proved the high performance of the proposed hybridization,
where the DEEO outperformed the original DE in optimizing
PAR, AWT, CPL, and UC. Furthermore, it obtained better
results for two scenarios in terms of EB reduction. Similarly,
the GWEO performed better in optimizing the same objec-
tives compared GWO. However, the GWO obtained better
results in only optimizing the EB than the GWEO, as shown
in Table 10.
The DMEO shows low capabilities in optimizing the

objectives compared to the DMOA, where the DMOA
outperformed the proposed DMEO in optimizing PAR and
AWT. The original DMOA shows better investigation and
results in reducing the overall values of EBs and CPL.
Furthermore, it presents a good performance in enhancing
the UC level. Although the DMOA obtains better results in
EB, CPL, and UC, the proposed DMEO performed better in
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TABLE 9. Comparison between the DE and DEEO in terms of all objectives.

TABLE 10. Comparison between the GWO and GWEO in terms of all objectives.

TABLE 11. Comparison between the DMOA and DMEO in terms of all objectives.

optimizing these objectives in some scenarios, as shown in
Table 11.

The SSA performs better in optimizing the EBs and
PARs than the SSEO, where the SSA obtained better results
by up to 1% and 1.4% for EB and PAR, respectively.
However, the proposed SSEO shows a better performance
than SSA in reducing AWT and CPL, and improving UC
level, as presented in Table 12. Note that the SSA achieved
better EB and PAR than SSEO in low percentage.

The proposed WSEO, in Table 13, also proved the
high performance of the proposed hybrid approach in
enhancing the quality of the solutions, where the proposed
WSEO achieved better results than WSO in optimizing
PAR, AWT, CPL, and UC, and better EB in the second
and sixth scenarios. However, the WSO obtained a better
EB average reduction for the seven scenarios than the
WSEO.

Note that the the WSO achieved the best AWT, CPL, and
UC, and the second best PAR values in almost all scenarios,
whereas the SSA achieved the best results in reducing the
EB and PAR values. The presented results proved the high
performance of the WSO in addressing PSP and optimizing
most of the objectives.

As presented in Tables 9, 11, 10, 12, and 13, the
proposed hybrid approach proves its high performance and
capability to enhance the original methods searchability and
achievements, where the proposed methods outperformed all
original methods in optimizing most of the PSP objectives.
To presents the high achievements of the proposed hybrid

approach graphically, a comparison between the original and
hybrid methods contains the overall reduction of the FF is
presented in Figure 10.

3) COMPARISON BASED THE HYBRID METHODS
In this section, the proposed methods, including DEEO,
DMEO, GWEO, SSEO, and WSEO, are compared in terms
of all PSP objectives to investigate the performance of the
best-proposed hybrid method.

Table 14 presents the EBs obtained by the proposed hybrid
methods. As the original SSA showed a high performance
in optimizing EB, it also shows the best performance when
hybridizing it with the EO, where it obtains the best EB
results among all other methods for all scenarios. In addition,
the proposed SSEO yields good performance in optimizing
PAR values by achieving the best results in two scenarios
and average PAR reduction, as shown in Table 15. Note that
either the DEEO obtained the best PAR in three scenarios, its
average reduction is not the best due to its low performance
in the other scenarios.

By contrast, the SSEO shows the worst performance
in most scenarios in optimizing AWT and CPL. The
proposed WSEO presents an outstanding performance in
minimizing AWT values, as shown in Table 16, where it
achieved the best reduction by up to 39%, 93%, 87%,
and 96% compared to DEEO, DMEO, GWEO, and SSEO,
respectively. Furthermore, the WSEO performs better than
the compared methods in two scenarios and an overall
reduction of the CPL, as presented in Table 17. However,
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TABLE 12. Comparison between the SSA and SSEO in terms of all objectives.

TABLE 13. Comparison between the WSO and WSEO in terms of all objectives.

TABLE 14. Comparison between the hybrid methods in terms of EB.

TABLE 15. Comparison between the hybrid methods in terms of PAR.

TABLE 16. Comparison between the hybrid methods in terms of AWT.

DEEO obtains better CPL in three scenarios and SSEO in
only two.

Due to the high performance of the WSEO in optimizing
AWT and CPL, it yields and exhibits the best results in
improving the UC level. The proposed WSEO enhance the
UC by up to 0.3%, 5.2%, 2.2%, and 9% compared to DEEO,
DMEO, GWEO, and SSEO, respectively.

To investigate the best method’s performance in optimizing
the whole solution considering all objectives among all
other methods, the convergence behaviour of all methods,

TABLE 17. Comparison between the hybrid methods in terms of CPL.

TABLE 18. Comparison between the hybrid methods in terms of UC.

including DEEO, DMEO, GWEO, SSEO, and WSEO, for
the seven scenarios is studied, analyzed, and presented in
Figure 11. The figure shows the high performance of the
WSEO in reaching its optimal solution compared to the other
methods, where it achieved the best FF among all methods in
six scenarios. In addition, the WSEO shows a high balance
between exploration and exploitation calabilitites during its
optimization processes, where it is moves smoothly into its
optimal solution without stagation in local optima except the
last few iterations due to the best solution achievment.

4) DISCUSSION
In this paper, a new hybrid method based on the EO is
proposed to efficiently address the PSP and optimize its
objectives, including EB, PAR, AWT, CPL, and UC. The
proposed hybrid approach is utilized for five well-known
metaheuristic optimization methods: DE, DMOA, GWO,
SSA, and WSO. The proposed hybrid methods are DEEO,
DMEO, GWEO, SSEO, and WSEO.
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FIGURE 10. FF comparison between original and hybrid methods.

Firstly, the original methods are compared in terms of all
objectives and FF to show the best adapted original method
for PSP. The results proved the high performance of theWSO
compared with the other methods in addressing the PSP due
to the WSO searching mechanism that has a high exploration
and exploitation balance to reach its optimal solution without
stagnation in local optima.

Secondly, the original methods are compared with their
hybrid versions to investigate the performance of the
proposed hybrid approach in enhancing the original versions’
performance and solutions quality. The obtained results that

are presented in Tables 9, 10, 11, 12, and 13, proved the
significant performance of the hybrid approach in improving
the results, where the proposed hybrid methods achieved
better results than the original versions in optimizing most
of the objectives and FF.

Thirdly, the proposed hybrid methods are compared to
show the best hybrid method for optimizing the PSP and
its objectives. Due to the high searching balance and
capabilities of the proposed WSEO, it obtained the best
results compared with the SEEO, DMEO, GWEO, and
SSEO.
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FIGURE 11. Convergence behavior of hybrid method for all scenarios.

VI. CONCLUSION AND FUTURE WORK
The PSP is the problem of managing, controlling, and
scheduling power consumption of appliances to operate at the
best periods according to three main objectives: EBs, PAR,
AWT, and CPL. The PSP is modelled as a multi-objective
PSP to consider all its objectives. The PSP components
can be controlled using several communication approaches,
where the IoT is the best for data exchange. A new hybrid
approach called WSEO is proposed to efficiently address the
PSP and find the optimal schedule. The primary purposes of
proposing the WSEO are to enhance the WSO optimization
performance utilizing the components of the EO and enhance
the PSP solutions’ quality.

In the experimental results, a new case study in the UAE
is proposed to test and evaluate the WSEO. In the case
study, a new dataset is constructed and created on the

basis of the available smart appliances in UAE homes. The
dataset contains seven scenarios with up to 123 appliances.
In terms of comparison, firstly, the performance of the WSO
is compared with four well-known optimization algorithms:
DE, DMOA, GWO, and SSA. The WSO performed better
than the compared algorithms in most of the objectives and
scenarios. Secondly, the proposed hybrid approach is applied
to these algorithms and compared with the original methods
to show and investigate the enhancement of the hybrid
approach. The hybrid approach proved its high capabilities
in enhancing the original algorithms’ performance. Finally,
the proposed WSEO is compared with the DEEO, DMEO,
GWEO, and SSEO to find the best hybrid method for
addressing the PSP. The proposed WSEO outperformed all
compared hybrid methods in achieving the best schedules for
the PSP.
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In future studies, several directions can be considered
to enhance the obtained results. These directions can be
summarized as follows:

Expand Scenarios: In this study, seven scenarios
are constructed to evaluate the proposed methods
on the basis of the available smart appliances in
UAE homes. The number of scenarios can be
increased to 30 scenarios to cover one month of
power consumption instead of one week.
Addition Power Sources: New additional renew-
able energy sources can be integrated into the
considered smart home to reduce and optimize the
amount of power consumed. In addition, a new
storage system can be utilized to store power at low
prices periods and discharge the stored power at
high pricing periods.
Method enhancement: The proposed WSEO
method can be improved by modifying its
behaviour to enhance local and global search
balance by utilizing a new parameter.
Weights Parameters: The weights used in the
objectives function can be tuned and dynamically
changed to find their best values.
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