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ABSTRACT Optimal reactive power dispatch (ORPD) in a typical power system is a complicated
multi-objective optimization problem. The proper modeling of the multi-objective optimization problem
has a significant impact on system operation and control. In this paper, an Improved Heap-based opti-
mizer (IHBO) is proposed to improve the performance of a recently published technique called Heap-based
optimizer (HBO). In addition, two algorithms based on the original HBO and IHBO are developed for solving
OPRD problem. Pareto front approach is utilized in the proposed OPRD algorithm with the aim of solving
two or three objective functions simultaneously. The performance of HBO is improved by utilizing the
chaotic sequences with the aim of improving its global search capability and avoiding getting stuck in a
local optimum. Both original HBO and proposed IHBO are applied to determine the optimal settings of the
generator’s voltages, shunt capacitor reactive power, and tap settings of transformers. Therefore, this study
aims for minimizing three most objective functions of the real power loss, total voltage deviation (TVD) and
voltage stability index (VSI), with satisfying different operational constraints. The effectiveness of the IHBO
is tested on three test systems IEEE 30-bus, IEEE 57-bus, and IEEE 118-bus test systems. The results of the
proposed IHBO are compared with recently published algorithms in the literature. The simulation results

proven the superiority and robustness of IHBO in solving the ORPD problem.

INDEX TERMS Reactive power dispatch, optimization, heap-based optimizer, chaotic sequence.

I. INTRODUCTION

Nowadays, the existing power systems are imperative to
operate at entire capacity due to the imbalance investment
in power generation, transmission, and distribution sectors.
Often, due to the aforementioned situation the heavy cur-
rent flows in whole system tend to incur more losses and
threatening power system stability. At last, this may lead
to the risk of electricity interruptions in whole system of
various severity levels. Hence, there is unanimity amongst
the system operators to enhance the existing transmission
and distribution systems through installation of power grid
stations and new lines to make the system more smart, effi-
cient, and reliable [1]. To subtend the mentioned challenges,
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there are two optional solutions which are mostly employed
by the operators. The first solution is associated to increasing
the current infrastructure of power system through adding the
new substations and lines. The second solution is regarding
to profiteering of the existent transmission and distribution
system without upgrading, through optimal setting of the
system parameters which results in improving the effective-
ness of the system. This can be accomplished by carrying
out technical study of power system that is called optimal
power flow (OPF). OPF is utilized in an interconnected
power system to obtain the optimized operating parameters
of the system in such a way to achieve the predictable load
dispatch with minimizing the total operating cost and real
power losses [2]-[6]. Furthermore, OPF is divided to two sub
problems, the first one is called economic dispatch problem
and the second sub-problem is recognized as ORPD. The two
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problems are implemented in different scenarios according to
the requirement of objective functions [7], [8].

ORPD planning is mandatory requirement for viable and
efficient operation of the power transmission and distribu-
tion systems. The solving ORPD problem has got attention
through researchers in power system planning and opera-
tions [9], [10]. Solving the ORPD plays an important role
in the system security, reliability, and economic operations.
This is because it supports the voltage of the network to
maintain it within desirable acceptable limits based on the
proper coordination of the equipment that adjusts the flow of
reactive power.

The objective of solving ORPD is minimizing a considered
objective function, such as real power transmission losses,
voltage deviation, and voltage stability index. These opera-
tional problems arise due to the complexity emerging in grid
modernization. ORPD is fundamental to assist maintain the
voltage level at the different loading state through reducing
the voltage deviation as well as power quality issues which
arise from the fluctuations of electrical power [11].

The considered objective function is achieved by adjusting
the system control variables within different operating con-
straints. From a mathematical model optimization point of
view, the problem of ORPD is a complex nonlinear problem,
due to its nonlinear objective function and various type of
constraints [12].

However, numerous efforts have been conducted for solv-
ing ORPD based on various classical optimization meth-
ods including linear and non-linear programming [13], [14],
interior point method [15], [16] and decomposition algo-
rithm [17], Regardless of the convergence characteristics of
the classical optimization methods, these techniques may
almost fail for obtaining the global solution due to difficulties
of nonlinearity, and nonconvexity.

The metaheuristic optimization algorithms are inspired
based on animals’ behavior and physical phenomena have
become widespread popular due to their flexibility, simplic-
ity, ability to get global solutions, and prevent local optimal
solutions [18]. The essence of metaheuristic techniques is
based on the iterative correction solutions concept through
generating new populations with implementing stochastic
search operators [19]. Over recent years, there are growing
attention on population-based and metaheuristics techniques
for solving different power system optimization problems.
These modern techniques have been extensively employed
to overcome the problems of the conventional gradient-based
optimization techniques [20], [21].

ORPD problem has been solved based on several meta-
heuristic optimization algorithms such differential evolution
(DE) [22], [23], differential search algorithm [24], grav-
itational search algorithm (GSA) [25], enhanced marked
algorithm [10], gray wolf optimizer [26], krill herd algo-
rithm (KHA) [27], cuckoo search (CS) algorithm [28],
ant-lion optimizer (ALO) [29], PSO with bat algorithm
(BA) [30], Sine-Cosine algorithm (SCA) [31] and frac-
tional order particle swarm optimization (FOPSO) [32].
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Hybrid methods of more than one or two optimization
algorithms can extract a synergy of their advantages simul-
taneously. This approach has been applied to develop
several effective algorithms such as differential evolution
algorithm (DDEA) and modified teaching learning-based
algorithm (MTLBA) has been proposed in [33], hybrid fire-
fly algorithm (FFA) and Nelder-Mead simplex method [34],
modified imperialist competitive and invasive weed optimiza-
tion (MICAIWO) [35], hybrid particle swarm optimization
and Imperialist competitive algorithm (PSOICA) [36], hybrid
chaotic (ABCDE) algorithm [37], hybrid PSO and GSA
algorithm (PSOGSA) [9], hybrid PSO with artificial physics
optimization (APO) (APOPSO) [38], and hybrid PSO and
multi verse optimizer algorithm (PSOMVO) [11].

It worth noting that, these techniques may stuck in local
optimal solution while solving complex multi-objective
problems. Also, the convergence speed depends on the
proper adjustment of the parameters of each meta-
heuristic [39], [40].

To improve the performance and effectiveness of meta-
heuristics techniques, various modifications maybe applied
to them. Until now, chaos theory has been implemented on
a broad of numerous metaheuristics and a wide range of
applications for improving their performance to get better
convergence and avoid getting stuck in a local minimum [41].
For example, of meta-heuristics that utilize chaos theory,
the GSA technique [42], GWO technique [43], butterfly opti-
mization algorithm (BOA) [44], salp swarm algorithm (SSA)
[45], moth-flame optimizer (MFO) [46]. The metaheuristics
based on chaos theory for solving the ORPD problem of dif-
ferent objective functions have been introduced in [47], [48]
and Chaotic Bat Algorithm (CBA) with two modified tech-
niques CBA_IIT and CBA_IV [49]. On the other hand, solving
multi-objective ORPD problems based on different objective
functions have been presented in the literature in [50] based
on Pareto evolutionary algorithm for minimizing both active
power loss and total voltage deviation. In [51], an improve
voltage stability has been included in multi-objective ORPD
problem with considering minimizing active power loss after
that the problem has been solved using chaotic PSO. The
modeling of ORPD as fuzzy goal programming for power
loss reduction, improving voltage profile and enhancing static
voltage stability then solved by genetic algorithm (GA) has
been proposed in [52].

These metaheuristic techniques have their own demerits
and merits in solving the ORPD problem, though definite
complications are continued due to multi modal, discrete and
nonlinear characteristic of power system that necessarily to
be achieved in more adequate manners. Moreover, a wider
set of utilized optimization techniques coverages towards sub
optimal problem solutions due to the complex non-linear
nature of the ORPD problems.

Therefore, solving ORPD problem is still a very important
hot research issue in the electrical engineering due to its
complexity, nonlinear characteristic of the system, and the
stricter requirements of power quality. Hence, it is important
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to develop new optimization methods that are capable of
overcoming these barriers and handle the ORPD difficulties.

In this paper, an Improved Heap-based optimizer (IHBO) is

proposed to solve ORPD for minimizing the most objective
functions of the real power loss and total voltage deviation
simultaneously based on the Pareto front technique. The orig-
inal HBO is improved using the chaos theory. A circle chaotic
map is employed to update the probability variable instead of
using the random update function. The main contributions of
this paper could be summarized in the following points:

o Proposing an improved version of the original HBO,
called IHBO, with the aim of improving its performance
and avoid getting stuck in a local optimum.

o Developing solution algorithms based on the original
HBO and proposed IHBO to solve ORPD problem.

« Solving the bi and tri multi-objective solve ORPD prob-
lem based on the proposed IHBO and Pareto Optimal
Front.

« Several objective functions such as minimizing the real
power loss, total voltage deviations, and voltage stability
index, are studied as single and multi-objective func-
tions.

o Validating the proposed IHBO using several standard
small and large test systems (IEEE 30-bus, IEEE 57-bus,
and IEEE 118-bus).

o The simulation results confirm that IHBO has better
performance or comparable superiority over other algo-
rithms utilized in the literature.

The paper is presented as follows: Section II introduces the
mathematical model of the ORPD problem. The IHBO algo-
rithm is presented in Section III. In Section IV, the IHBO
algorithm is implemented for solving the ORPD problem.
The obtained results are introduced and discussed in section
V. Finally, the conclusion is presented in Section V1.

Il. THE MATHEMATICAL FORMULA OF ORPD

It is worth noting that, the ORPD problem is characterized
as a complicated nonlinear optimization problem, however,
it treated as a sub problem of optimal flow problem which
determines the optimal output power of generators with the
aim of minimizing a specific objective function considering
several equality and inequality operating constraints. The
objective functions in the present work are minimizing real
power loss, the voltage deviations, and voltage stability index
individually or simultaneously. The generator voltages, trans-
former tap settings, and reactive power of shunt capacitors are
considered the control variables of the ORPD problem while
the dependent variables are the load voltages, the flow of the
lines, and the slack bus power.

A. OBJECTIVE FUNCTIONS
Mathematically, the formulation problem of the ORPD is
expressed as follows [53], [35]:

minimize U (x,v) (D

Subject to constraints
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z(x,v) =0 (2)
hx,v) <0 3)

where U is the objective function should be minimized, x is
the vector consists of the control variables which represent the
voltages of generators Vg, reactive power of shunt capacitors
Qe and transformer tap settings 7s. However, x may be
expressed as follows:

xT = [VGi.... Vang, Qsceves Osenes Tt Tsng | (4)

where Ng, Nc and N7 define the number of generators, shunt
Var compensators, and regulating transformers, respectively.
v is the state vector consisting of the dependent variables
which include the voltages at load buses Vi, the generated
reactive power Qg, the loading of the transmission line Sy, and
the power at slack bus Pgg;. The state vector v is expressed as
follows:

v = [Viie Ving, QG- QoNg: SLi-os Stmps Past] - (5)

where, Ny, and n; depict the total number of load buses
and transmission lines, respectively. Further, z (x, v) = 0 and
h (x, v) < 0 represent the equality and inequality constraints,
respectively.

1) MINIMIZATION OF TOTAL REAL POWER LOSS

The most objective function U considered in ORPD is that
the total real power loss of the system. The ORPD solution
aims to minimize the total real system loss in the transmission
network. However, the minimization of real power loss acts
as an important target for system operators, which can be
formulated as follows [54]:

Uy (x1,v1) = min(P) = an

2 2
. GilVi +V;

— 2Vl‘VjCOS(9,' — Qj)] (6)

where, Py is the total real power loss, Gy is the conductance
of k’th branch, V;, V »0; and 0; are the magnitudes and angles
of voltage at bus i and j, respectively.

2) MINIMIZATION OF (TVD) AT LOAD BUSES

One of the most important indices for achieving the security
of the system is minimizing the voltage deviations at load
buses, to prevent the appearance of an unaccepted voltage
profile. The voltage deviation is defined as the difference
between the nominal reference voltage and the actual volt-
age. The voltage deviations are mathematically expressed as
follows:

N
. Re
Uz (2. v2) = min(TVD) = Y [V = V| (7)
k=1
where, TVD is the total voltage deviation, k is the element of
the total number of load buses, V is the voltage magnitude at

bus k, and Vgef is the reference of the voltage magnitude at
k th load bus and its value set to 1 p.u.
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3) ENHANCEMENT OF VOLTAGE STABILITY

It’s worth noting that, when the system subject to differ-
ent operating situations such as disturbance or sudden load
change, all buses should maintain acceptable bus voltage.
L-index is the voltage stability index that plays an important
role in voltage stability analysis. The values of the L— index
is ranged from O to 1, where the lowest value refers to more
stable system and vice versa [10]. The L-index of k’th bus is
formulated as follows:

Ui (x3,v3) = min[max(Ly)] k=1,2,3...,N (8)

where,
Ng v
Ly = 1—§ Fip— 9
k 2 ik Ve ©)
Fix = —[Y417'[Y5] (10)

where, i and k define the buses of generators and load,
respectively. Y4 and Yp depict the system sub-matrices for
Y bus which obtained from the separation of generator and
load buses.

B. THE PROBLEM CONSTRAINTS
The ORPD subject to equality and inequality operational
constraints of the system as presented follows:

1) EQUALITY CONSTRAINTS
The following power balance equations are considered the
equality constraints of the studied optimization problem.

NL

PGi — Ppi — Vi »_ Vi(Gjjcostyj + Bysind) =0 (11)
j=1
N

Qci — Qpi — Vi Y_ Vj(Gyjsindy — Bycosty) =0 (12)
j=1

where, Pg; and Qg; are the output of active and reactive pow-
ers from the generator of bus i, respectively. Pp; and Qp; are
demand active and reactive powers of bus i, respectively. G;;
and Bj; are the branch conductance and susceptance between
two buses, respectively.

2) INEQUALITY CONSTRAINTS
From (3), h represents the inequality constraints that includ-
ing:

a: GENERATOR CONSTRAINTS

The voltages and reactive power outputs at all generating
buses must be bounded within their upper and lower limits:
i=1,2,3...,Ng (13)
i=1,2,3...,Ng (14)
i=1,2,3...,N¢ (15)

VEn < Vg < Ve
min max
QG,' = QGi < QG,' s
Gl < Past < PGy

where, Vg’i’", Vg’i“x are the minimum and maximum gen-

erating voltages of bus generating i’th, Qg”, G are the
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minimum and maximum generating reactive power of bus
generator i’th and P’g’s’f, P’g‘;f‘ are the minimum and maximum

active power output of slack bus i’th.

b: CONSTRAINTS OF SHUNT VAR CAPACITORS
The upper and lower limits of the shunt reactive power com-
pensators are represented as:

Jnin max

QSCi = QSCi = QSCi s

where, Q?é’}, Q¢ are the minimum and maximum shunt
reactive power limits injected by the compensator i’th.

i=1,2,3...,N¢ (16)

c: CONSTRAINTS OF TRANSMISSION LINE LOADING AND
VOLTAGES AT LOAD BUSES

The inequality constraints of transmission line loading and
voltages at load buses are represented as:

i=1,2,3...m 17)
i=1,2,3..,N (18)

max
Sii < Sli s

min max
VL,' =< VLi =< VLi 5

where, S;'** is the apparent power of the branch i’th, S;'**

indicates the maximum apparent power limit of branch i’th
and V™, V%" are the minimum and maximum load voltage
magnitudes of i’th bus.

d: TRANSFORMER CONSTRAINTS
The constraints of transformers in the system are represented
as:

Timin <T; < Tl_m“x i=1,2,3...,Nr (19)

where, Timi", T"** are the minimum and maximum tap trans-
former setting limits of i’th transformer.

The objective function including the inequality constraints
is given as:

Np, . 2 n .
Up=Ustay D - (V= VE") +0 Y o i = S

Thg Y Qon— QY (0)

where, A,, Ay and A, are the penalty factors. Further, the limit
values of any variable in (20) are given as follows:

piim _ {Ymax Y > yma

Yoin Y < Y™Min @h

where, Y™ define Viim, S l“’” and SZ”’”.

Ill. ORIGINAL HBO

HBO is a human behavior based meta-heuristic that has
been developed in [S5]. It is based on the corporate rank
hierarchy (CRH) in a very distinctive style. HBO’s mathe-
matical model is based on three pillars: (1) the relationship
between subordinates and their immediate supervisor; (2) the
relationship between colleagues; and (3) the employees’ self-
contribution. Heap data structure has been used in this manner
to simulate the CRH. The using of the heap data structure
in the CRH mapping allows organizing the solutions based
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on their fitness in a hierarchy and using the arrangement in
the algorithm’s position-updating process in a very specific
way. In this article, the mapping of the whole concept is
divided into four steps: (i) modeling CRH, (ii) modeling
the relationship between the subordinates and the immediate
supervisor, (iii) modeling the interaction among colleagues,
and (iv) an employee’s self-contribution to executing a task.

A. IMPLEMENTATION OF THE CRH

Heap data structure has been used to implement the CRH
where the heap is a data structure shaped by a non-linear tree.
Hence, the entire CRH is considered as the population. In the
implementation process, a search agent corresponds to a heap
node. The search agent’s fitness is the key to the heap node,
and the population index of the search agent is the value of
the heap node.

B. IMPLEMENTATION OF THE INTERACTION WITH THE
IMMEDIATE BOSS

In a centralized organizational structure, laws and regulations
are applied from the upper levels and subordinates obey their
immediate supervisor. This can be mathematically modeled
by updating the search agent’s position as follows:

”_ (t mod %)

T

ic
where, x is the position of the search agent, B is the parent
node, ¢ and k are the current iteration and the number of
the component vector, respectively, r is a random number
between [0,1], T is the total number of iterations, and C is
a defined parameter which has been set to % based on the
experimental study.

(e + 1) =B+ Q2r—1) ‘Bk—x{‘(t)’ 22)

C. IMPLEMENTATION OF THE INTERACTION BETWEEN
COLLEAGUES

Officials of the same rank are colleagues. To achieve official
duties, they communicate with each other. In heap, it is
assumed that the nodes are colleagues at the same level, and
each search agent x; updates its location according to the
following equation about its randomly selected colleague S,:

XK@+

Sk yakisk —xk @], £ <f )
T xE vk |sk =k o], £ = f @)

(23)

D. IMPLEMENTATION OF THE SELF-CONTRIBUTION OF
AN EMPLOYEE

This implementation is very simple, where the position of
the employee is retaining the previous position in the next
iteration as follows:

K+ =xF@ (24)

E. OVERALL POSITION UPDATES
Based on the previous implementation, the position can
be updated using different equations. However, these
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equations can be merged into one equation using probabilities
parameters to balance exploration and exploitation phases.
A roulette wheel is utilized to balance between these prob-
abilities p1, p2, and p3.

Where, p; can be calculated as:

t

=1-= 25
D1 T (25)
and p; is expressed as:
1 —pi
p2=p1+ > (26)
Finally, p3 is calculated as:
1 —pi
p3=p1+ > 27

Hence, the overall position update equation can be written as
follows:

xF (@),
P =pi
B + yak | B — xkn)],
p>piandp <p>
SK+yak|sk —xk @],
p > p2and p < p3and f(S;) <f (x; (1))
x{‘ + ykk ‘Sf —x{‘ )],
p>p2and p<p3and f(Sy)>f (x; (1))
(28)

e+ D=

where, p is a random number within [0,1].

F. OVERALL HBO IMPLEMENTATION

The overall steps of HBO are presented in this section. Firstly,
randomly initialize the population-based on control variables
number N and the number of populations n as follows:

xboo A
X=|": . : (29)
‘x)![ PR ‘x}’jlv

where, the population X must be within the boundary limits
as:

Xip <X < Xup (30)

Secondly, the heap is created using a d-array tree. In HBO, 3-
arries is used to implement the CRH based on the following
mathematical expression:

parent (i) = LizlJ 31

Eq. (33) is used to give the index of the parent node i in the
heap array. A node can have up to 3 children in a 3-array
heap. Hence, in the CRH mapping, it has been assumed that
a supervisor cannot have more than 3 direct subordinates.
Therefore, the mathematical formulation of the child j for
node i can be written as:

child (i,j)=d xi—d+j+ 1 (32)
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In a 3-array heap, the depth of any node i can be calculated
as:

depth (i) = [logg (d xi—i+1)]—1 (33)

To describe the colleague which are all nodes at the same level
of anode i, a colleague (i) is used to generate a random integer
in the range as follows:

d % ddepth(i)fl d % ddepth(i)
colleague (i) = 71 +1, 71 (34)

Heapify_Up (i): it searches upward in the heap and inserts the
node i at its correct location to maintain the heap property.
Then, a heap is built for the population where heap_value
is used to store the indices of the search agents into the
population and heap_key is used to stores the fitness of the
corresponding search agents. Thirdly, search agents repeat-
edly update their positions following previously discussed
equations and try to converge on the global optimum. The
flowchart of the HBO is shown in Fig.1.

IV. PROPOSED HBO

Chaos maps have been used in many fields for forecasting
erratic behaviors such as atmosphere, brain conditions, or tur-
bulent movement of air or water. Recently, in optimization
algorithms, several chaotic maps have been used. The key
benefit of using chaotic maps in optimization is to increase
the algorithm’s convergence rate using various chaotic maps
as an alternative for using random variables. To improve the
performance of the original HBO, a chaotic map is involved to
change the probability variable p instead of using the random
function as follows:

b
Dik+1 = mod <Pk + b1 — (ﬁ) sin (27 pr) , 1>

xby =05, b=02 (35

A. MULTI-OBJECTIVE HBO

The single objective IHBO is considered the main core of
the multi-objective IHBO (MOIHBO). In the multi-objective
algorithms, Pareto dominance is employed to compromise
among the objective functions. Therefore, the solutions
obtained are categorized as dominated and non-dominated
solutions. Then, the optimal solution will be chosen from
the non-dominated alternatives by the decision-maker. In this
regard, two functions are used to formulate the Pareto opti-
mal solutions from the IHBO, namely archive and leader
selection. The archive is responsible for organizing the
non-dominant solutions accomplished so far and the selection
of leaders used to direct the other agents to obtain the right
solution. The MOIHBO is shown in Algorithm 1.

B. COMPROMISE SOLUTION

A fuzzy membership approach is applied to achieve the best
compromise solution. A membership function u is repre-
sented for the all n functions at each i non-dominated solution

58324

Randomly create the initial barnacles
population Xwithin the Xuband XIb

A

Update the parameters

\ 4

Y,p1,and p,

v

| Seti=N|

Compute the heap parameters
parent(i), colleague(i)

L

Compute the heap parameters
B and S vectors
B = Xparent(i)
S = Xcolleague(i)
y
Set p = rand()
Update x;;., using (30)

v

calculate the fitness function
for all search agent

| Set iter = iter +1

No - .
If iter > iter,,qy

Return the best solution
Xpes: = heap_value[1]

FIGURE 1. HBO implementation flowchart.

as follows:

1 F; < Fmin
F™max _ |, .
e PP SFSFT 0 (36)
i i
0 Fi > F'™
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FIGURE 2. Convergence characteristics of HBO and IHBO for single
objective function (IEEE 30-bus system).
where, F l.mi” and F/"*" are the minimum and maximum value
of the ith objective function among all non-dominated solu-
tions, respectively. Hence, the normalized value for each
non-dominated solution is calculated as follows:
nobj
n_ Dimi U]
= @
Donet 2imy U
where, M denotes the total number of the non-dominated
solution, therefore, the best compromise solution is the one
with the highest value of ".
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Algorithm 1 MOIHBO Formulation

1: Initialize a set of random search agents xf

2: Calculate the objective functions for each search agent
3: Find the non-dominate solutions and store in the archive
4: Select the leader using leader selection

5: while (iter <iter ,,ux)

6: for each search agents xf

7 Update the position using (30)

8: Calculate the objective functions

9: Find the non-dominate solutions and update the

archive

10: if the archive is full

11: Run the grid mechanism to omit one of the
current archive members

12: Add the new solution to the archive

13: endif

14: if any of the new added solutions to the archive is
located outside the hypercubes

15: Update the grids to cover the new

solution(s)

16: endif

17: Perform the leader selection

18: iter = iter + 1

19: end while
20: return final non-dominated solutions stored in the
archive

g T T
2 38} 1
g 361 1
8 =
E 1 Il
§ IHBA_SD = 0.0089 HBA_SD=0.0059
T T
’; 015+ i 7
&
a
g o01r - 1
lzl )
IHBA_SD =0.0072 HBA_SD = 0.0076
T T
2 0061 — .
&
=005 :
>
005t : \ i

|HBA_SD =0.0017 HBA_SD=0.0092

FIGURE 3. The statistical results for all single objective functions of ORPD
(IEEE 30-bus system).

V. SIMULATION RESULTS AND DISCUSSION

To prove the effectiveness and performance of the proposed
IHBO, both original HBO and IHBO are used to solve the
standard test systems; IEEE 30-bus, IEEE 57-bus and IEEE
118-bus with the aim of minimizing the real power loss,
total voltage deviations, and voltage stability index as single
objective and multi-objective functions. All simulation stud-
ies have been run on MATLAB 2016a, 2.8 GHz Intel Pentium

58325



IEEE Access

S. K. Elsayed et al.: Improved Heap-Based Optimizer for ORPD

TABLE 1. The optimal variables obtained by HBO and IHBO based on the single objective ORPD problem (IEEE 30-bus system).

IHBO HBO
Optimal Variables Minimization of = Minimization of = Minimization of Minimization of  Minimization of = Minimization of
real losses TVD VSI losses TVD VSI
Casel Case2 Case3 Casel Case2 Case3
VGI1(p.u.) 1.0852 1.0209 1.0918 1.0730 1.0297 1.1000
VG2 (p.u.) 1.0785 1.0224 1.0850 1.0656 1.0285 1.0823
VG5 (p.u.) 1.0583 1.0190 1.0676 1.0468 1.0204 1.0492
VGS8 (p.u.) 1.0619 0.9970 1.0700 1.0491 1.0004 1.0258
VG11 (p.u.) 1.0927 1.0730 1.0631 1.1000 0.9926 1.0122
VG13 (p.u.) 1.0999 0.9966 1.0983 1.0999 0.9885 1.0515
T11(p.u.) 0.9707 0.9964 1.0522 0.9739 0.9942 1.0024
T12(p.u.) 0.9571 0.9810 0.9087 0.9046 0.9243 0.9836
T15(p.u.) 0.9808 0.9547 0.9655 0.9585 0.9446 0.9922
T36(p.u.) 0.9616 0.9578 0.9400 0.9373 0.9686 0.9000
QC10(MVAR) 4.4825 3.3119 1.4608 4.9982 5.0000 1.8658
QC12(MVAR) 4.5535 2.0072 2.9488 5.0000 2.4770 5.0000
QC15(MVAR) 3.3129 42176 2.7769 4.6281 4.9742 2.0750
QC17(MVAR) 4.7386 0.0578 1.7870 4.9974 3.2193 0.4524
QC20(MVAR) 4.8276 4.1348 4.6215 4.9032 4.9976 1.6272
QC21(MVAR) 4.8112 2.7192 1.2657 5.0000 4.9677 0.5962
QC23(MVAR) 4.2528 4.9480 4.1981 4.1526 4.5193 1.5398
QC24(MVAR) 4.9770 4.9673 3.3160 4.9920 4.9963 43167
QC29(MVAR) 2.7511 2.0293 2.3654 2.9582 3.8763 3.4728
loss (MW) 3.4923 4.2417 3.6435 3.6469 4.3519 4.7557
TVD (p.u.) 1.4794 0.0854 1.0658 1.9244 0.1034 09118
VSI(p.u.) 0.1251 0.2106 0.0505 0.1576 0.1846 0.0536
Time(s) 86.8394 65.0814 70.4705 95.9941 71.9525 77.2185

i7 PC with 16 GB of RAM. The numerical optimal values
have been obtained for the two algorithms after 200 itera-
tions for all test systems. Moreover, the simulation studies
have been obtained after 30 independent runs for all the test
cases. The two algorithms have been implemented on a total
population of 50 particles.

A. IEEE 30-BUS TEST SYSTEM

The IEEE 30-bus test system consists of 6 generators with one
slack bus, 41 branches (transmission lines of 37 branches and
tap changing transformers of 4 branches), 9 reactive power
compensators and the total real and reactive power demand
of the system are 238.4 MW and 126.2 MVAR, respectively.
The detailed data of buses and lines for the IEEE 30-bus
system are defined in [54]. Further, in this study, the system
level is constrained as follows, the voltage magnitude range
is 0.95 p.u. and 1.1 p.u. for all generating buses. The limits
between 0.95 p.u. bus 1.05 p.u. are considered for load buses
voltages. On the other hand, the tap changing transformers are
ranged from 0.9 p.u. to 1.1 p.u. In addition, the limits of shunt
VAR compensators are supposed between 0 to 5 MVAR. This
system comprises 19 control variables including 6 generators,
4 settings of tap changing transformers, and 9 shunt VAR
capacitors.

58326

1) SINGLE-OBJECTIVE ORPD FRAMEWORK

In this subsection, the effectiveness of the proposed IHBO
to solve the ORPD problem as single objective func-
tion (minimization of the total real power loss or TVD
or VSI) is proved. The results obtained by the proposed
IHBO are compared with those obtained by the origi-
nal HBO and other well-known optimization algorithms.
The obtained results for all cases are listed in Table 1.
The results that are reported at the base case of the test
system are acquired from previous literature [56]. The
three considered single objective functions are presented as
follows:

Case 1: this case aims to minimize the total real power
loss based on the original HBO and proposed IHBO. How-
ever, the real power loss is minimized to 3.6469 MW and
3.4923 MW using HBO and IHBO, respectively. By HBO,
the TVD and VSI are minimized to 1.9244 p.u. and 0.1576,
respectively, while they are minimized to 1.4794 p.u. and
0.1251, respectively by IHBO.

Case 2: the main objective function in this case, is to
minimize the TVD using the two algorithms. The TVD is
reduced to 0.1034 p.u and 0.0854 p.u. using HBO and IHBO,
respectively. In contrast, the real power loss, and VSI became
4.3519 MW and 0.1846, respectively by HBO, while the
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TABLE 2. Results of single-objective ORPD obtained using different optimization techniques (IEEE 30-bus system).

OF (s) DE GSA SCA MJAYA CLPSO PSOGSA APOPSO HBO IHBO
Minimization of 4.555 4.5143 4.8139 4.6234 4.5615 4.5309 4.3980 3.6469 3.4923
Minir]r?iszs:tsion of 0.0911 0.0676 0.4183 0.1316 0.2450 0.0904 0.0870 0.1034 0.0854
Minir:i‘z::ion of 0.1246 0.1368 0.1255 0.0922 0.0866 0.0950 0.1227 0.0536 0.0505

VSI
TABLE 3. The optimal results obtained by IHBO based on multi-objective ORPD problem (IEEE 30-bus system).

Optimal variables Case 4 Case 5 Case 6 Case 7
V G1(p.u.) 1.0498 1.0829 1.0432 1.0503
VG2 (p.u) 1.0434 1.0773 1.0227 1.0417
VGS (p.u.) 1.0278 1.0679 1.0016 1.0147
VGS8 (p.u.) 1.0239 1.0687 1.0026 1.0236
VG11 (p.u.) 1.0947 1.0758 0.9849 1.0405
VG13 (p.u.) 1.0362 1.0833 1.0096 1.0462

T11(p.u.) 0.9789 1.0115 0.9942 0.9364
T12(p.u.) 1.0666 0.9000 0.9508 1.0625
T15(p.u.) 1.0254 1.0459 0.9514 0.9879
T36(p.u.) 0.9888 0.9961 0.9449 0.9758
QC10(MVAR) 0.0000 4.9008 0.0000 2.9206
QC12(MVAR) 42572 44311 5.0000 2.1540
QC15(MVAR) 1.8970 5.0000 5.0000 1.8964
QC17(MVAR) 0.3227 5.0000 5.0000 5.0000
QC20(MVAR) 2.6588 2.4524 5.0000 3.8982
QC21(MVAR) 1.2625 5.0000 5.0000 0.0658
QC23(MVAR) 2.4521 0.0000 0.2426 1.7519
QC24(MVAR) 3.8074 3.7001 5.0000 4.0005
QC29(MVAR) 2.9734 1.2890 3.3279 1.3976
loss (MW) 3.8842 3.6188 4.2338 3.9254
TVD (p.u.) 0.2955 0.9677 0.2163 0.3134
VSI(p.u.) 0.2249 0.0838 0.0583 0.0968

real power loss, and VSI became 4.2417 MW and 0.2106,
respectively by IHBO.

Case 3: in this case, VSI is taken as the main objective
function utilizing both HBO and IHBO. In this case, the VSI
is minimized to 0.0536 by HBO and 0.0505 by IHBO. On
the other hand, the real power loss and TVD are equal to
4.7557 MW and 0.9118 p.u, respectively by HBO, while,
these values are equal to 3.6435 MW and 1.0658 p.u., respec-
tively by IHBO.

Table 2 provides the best values of the three considered
objective functions obtained by the original HBO, the pro-
posed IHBO and the other well-known algorithms, PSO-
GSA [12], (DE) [22], GSA [25], SCA [31], APOPSO [38],
MIJAYA [54], and comprehensive learning particle swarm
optimization (CLPSO) [57]. From Table 2, it can be observed
that the ITHBO outperforms other techniques, where it
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provides the lower values all three objective functions com-
pared with other algorithms.

The convergence characteristics of real power loss, TVD,
and VSI for 200 iterations yielded by both HBO and IHBO
for IEEE 30-bus are shown in Fig. 2. It can be observed that
the proposed IHBO reaches to the optimal solution faster than
the original HBO.

Fig.3. shows the statistical results yielded by two algo-
rithms based on the three considered single objective func-
tions through 30 independent trials which conducted for each
algorithm to compare their best, worst, mean values and
standard deviation (SD).

2) MULTI-OBJECTIVE OF ORPD FRAMWORK

In this subsection, the optimal values of real power loss,
TVD, and VSI are obtained by the developed multi-objective
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FIGURE 4. Pareto set using IHBO based on multi-objective ORPD (IEEE 30-bus system).

HBO and IHBO algorithms. However, two models of
multi-objective problems namely bi and tri objective func-
tions are considered here. The simulation results based on
multi-objective IHBO are tabulated in Table 3. Fig. 4 shows
the generated Pareto optimal results for all cases of
multi-objective functions of the IEEE 30 bus test system.
The studied cases of multi-objective ORPD problems are
described as:

Case 4: both HBO and IHBO are utilized for minimizing
the real power loss and TVD simultaneously. The Pareto front
values are shown in Fig.4a for this case. On the other hand,
the optimal variables along with the best values of objective
functions are listed in Table 3. From this table, it is seen
that the ability of IHBO for obtaining the best values of real
power loss and TVD which are 3.8842 MW and 0.2955 p.u.,
respectively.

Case 5: In this case, the real power loss, and VSI are con-
sidered as bi-multi-objective function. Pareto front obtained
by IHBO is shown in Fig.4b. However, the optimal vari-
ables and the corresponding minimum values of the bi
multi-objective problem are presented in Table 3. From this
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table, it can be displayed that the best values for real power
loss and VSI are 3.6188 MW and 0.0838 p.u., respectively.
Case 6: In this case, the TVD and VSI are optimized simul-
taneously. The Pareto front acquired by the proposed IHBO is
shown in Fig.4c. In addition, the simulation results of optimal
variables with the best values of each considered objective
function are listed in Table 3. The preferable compromise
values for TVD and VSI are 0.2163 and 0.0583, respectively.
Case 7: in this case, the results of the tri objective ORPD
problem are presented. The real power loss, TVD, and VSI
are optimized simultaneously. The Pareto front acquired
using IHBO is displayed in Fig.4d. The best values of the
three objective functions and the corresponding optimal con-
trol variables are tabulated in Table 3. From this table, it can
be observed that the best values for the real power loss, TVD
and VSI are 3.9254 MW, 0.31348, 0.0968 p.u., respectively.

B. IEEE 57-BUS TEST SYSTE

The IEEE 57-bus test system comprises 7 generating units
with one slack bus, 80 transmission lines and 17 tap changing
transformers, 3 reactive power compensators.
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TABLE 4. The optimal values obtained by HBO and IHBO based on the single objective ORPD problem (IEEE 57-bus system).

IHBO HBO
Optimal Minimization of = Minimization of = Minimization of Minimization of = Minimization of Minimization of
Variables real losses TVD VSI losses TVD VSI
Case8 Case9 Casel0 Case8 Case9 Casel0
V G1(p.u.) 1.0141 1.0439 1.0113 1.0879 1.0223 1.0667
VG2 (p.u.) 1.0066 1.0335 1.0023 1.0780 1.0037 1.0425
VG3(p.u.) 1.0044 1.0183 1.0014 1.0633 1.0134 1.0240
VG6 (p.u.) 1.0164 1.0034 1.0087 1.0432 1.0087 1.0075
VGS8 (p.u.) 1.0073 0.9851 1.0084 1.0351 1.0234 1.0084
VGI (p.u.) 0.9790 0.9762 0.9942 1.0071 0.9979 0.9975
VGI12 (p.u.) 0.9880 0.9934 1.0155 0.9875 1.0049 1.0207
T19(p.u.) 1.0543 1.0836 1.0004 0.9842 0.9049 1.0071
T20 (p.u.) 0.9938 1.0737 0.9694 1.0325 1.0530 0.9800
T31 (p.u.) 0.9519 0.9613 1.0724 0.9810 0.9588 1.0314
T35 (p.u.) 1.0748 0.9244 1.0691 0.9124 0.9841 0.9694
T36 (p.u.) 1.1000 1.0046 0.9650 1.0321 1.0116 0.9683
T37 (p.u.) 1.0628 0.9860 1.0258 0.9638 1.0997 1.0576
T41(p.u.) 0.9899 0.9310 1.0396 0.9689 0.9534 0.9338
T46 (p.u.) 1.0385 1.0371 1.0040 1.0007 1.0735 1.0699
T54 (p.u.) 0.9000 0.9633 1.0051 1.0510 0.9650 1.0596
T58 (p.u.) 0.9657 0.9825 1.0005 0.9541 1.0092 1.0799
T59 (p.u.) 0.9000 0.9274 0.9105 1.0334 0.9004 0.9206
T65 (p.u.) 0.9000 0.9000 0.9590 0.9105 0.9065 0.9436
T66 (p.u.) 0.9109 0.9462 0.9323 0.9483 0.9654 0.9077
T71 (p.u.) 0.9346 0.9011 0.9614 1.0113 0.9448 0.9137
T73 (p.u.) 0.9889 1.0058 0.9240 0.9350 1.0997 1.0155
T76 (p.u.) 1.1000 1.0385 0.9922 0.9308 0.9303 1.0103
T78 (p.u.) 1.0107 1.0032 1.0175 0.9504 0.9398 0.9571
QC18(MVAR) 0.0000 13.6102 17.9494 22.0154 3.8022 8.1152
QC25(MVAR) 17.7207 16.2686 13.2188 18.5704 18.4981 15.4811
QC53(MVAR) 21.9258 23.3757 22.8630 9.1632 15.3399 21.3262
loss (MW) 13.9725 16.4291 19.4196 14.7935 18.7449 21.1385
TVD (p.u.) 1.1208 0.8781 1.2387 1.3781 1.0354 1.3069
VSI (p.u.) 0.8079 0.8626 0.5085 0.8835 0.8168 0.6291
TABLE 5. Results of single-objective ORPD obtained by different optimization techniques (IEEE 57-bus system).
ALC- MICA- APOPS CBA_1 CBA_1II
OF (s) SR-DE PSO IWO SOA CKHA o v I BA GSA HBO IHBO
Minimizatio 23.355 23.390 24.256 24.265 23.410 22.030 23.460 14.793 13.972
1 of losses 0 0 ] 4 0 14.9920 21.9627 22.0162 0 0 6 5
Nfl“(‘)‘fmT‘ij‘]t)“’ NA 0.6634 NA NA 0.6600  0.9430 06399  0.6413 06434 11100  1.0354  0.8781
Mr‘l“(‘)‘f“{,z;lt“’ NA NA NA 0.1907  0.1897  0.1134 0.1608  0.1789  0.1917 NA 0.6291  0.5085

The total real and reactive power load demands of the
system are 1250.8 MW and 336.4 MVAR, respectively. The
detailed data of this test system are given in [59].

Moreover, in this paper the system constraints are limited
as follows, for all generating buses, the magnitudes of voltage
are limited from 0.9 p.u. to 1.1 p.u. The voltage limits are
taken between 0.94 p.u. bus 1.06 p.u. at load buses. The tap
changing transformers are varied between 0.9 p.u. to 1.1 p.u.
Limits of reactive power compensation devices are assumed
between 0 to 30 MVAR. Overall, the IEEE 57-bus test system
comprises 27 control variables comprehensive 7 generating
units, 17 tap changing transformers, and 3 shunt VAR com-
pensation devices.
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1) SINGLE-OBJECTIVE ORPD

In this subsection, the proposed IHBO is also validated for
solving the single-objective ORPD problem described in
(20) of the IEEE 57-bus test system. The obtained optimal
variables for the three considered Cases 8-10, are given
in Table 4. These cases can be summarized as:

Case 8: This case aims to minimize the total real
power loss using HBO and THBO. The total real power
losses are 14.7935 MW and 13.9725 MW using HBO and
IHBO, respectively. Further, the TVD and VSI are equal to
1.3780 p.u. and 0.8835, respectively using HBO as well,
the TVD and VSI are equal to 1.1208 p.u. and 0.8079, respec-
tively using IHBO.
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FIGURE 5. Convergence characteristics of HBO and IHBO of HBO and
IHBO for single objective function (IEEE 57-bus system).

Case 9: the main objective function is to minimize the
TVD using HBO and THBO. As seen from the results,
the TVD is 1.0354 p.u. and 0.8781 p.u. using HBO and
IHBO, respectively. Moreover, the total real power loss and
VSI are equal to 18.7449 MW and 0.8168, respectively
using HBO. Likewise, the total real power loss and VSI
are equal to 16.4291MW and 0.8626, respectively using
I[HBO.

Case 10: the main objective function in this case, is to min-
imize the VSI. Using HBO and IHBO, the VSI is minimized
t0 0.6291 and 0.5085, respectively. In contrast, the real power
loss and TVD using HBO are equal to 21.1385 MW and

58330

5
s . .
£ 15 = ]
§145 :
N — | ]
[+
8 IHBA_SD = 0.0109 HBA_SD=0.0136
SRR
3 —
D 1
>
= 09 e .
IHBA_SD =0.0173 HBA_SD = 0.0141
Z 07t E
&
% 06
>
05 L ;I

IHBA_SD =0.0132 HBA_SD=0.0188

FIGURE 6. The statistical results for all single objective functions of ORPD
(IEEE 57-bus system).

1.3069 p.u., respectively. As well, these values using IHBO
are equal to 19.4196 MW and 1.2387 p.u., respectively.

To confirm the superiority and effectiveness of the pro-
posed IHBO, the objective function results using HBO and
HBO are compared with those obtained by other recently
reported algorithms. The best values of the studied single
objective functions obtained by different optimization algo-
rithms are tabulated in Table 5. The IHBO presents the best
capabilities for minimizing the objective function compared
with HBO, GSA [25], APOPSO [38], BA, CBA_III and
CBA_IV [49], CKHA [58], Seeker optimization algorithm
(SOA) [60], adaptive invasive weed optimization algorithm
(MICA-IWO) [61], PSO with an aging leader and challengers
(ALC-PSO) [62], and stochastic ranking with differential
evolution SR-DE [63].

The convergence characteristics yielded by both HBO and
IHBO for single-objective functions of the ORPD prob-
lem over IEEE 57-bus are shown in Fig.5. This figure dis-
plays the robust performance of the IHBO for larger extent
systems.

The statistical results are obtained and compared
using HBO and IHBO, which are utilized for solving
single-objective ORPD through 30 independent trials per-
formed for each algorithm and the results are presented
in Fig 6.

2) MULTI-OBJECTIVE ORPD

As stated in the previous subsection of IEEE 30-bus test
system, two models of multi-objective problems are utilized
called bi and tri-objective functions. The simulation results
obtained by the IHBO for the considered cases are presented
in Table 6. Furthermore, Fig.7 depicts the produced Pareto
optimal values for two considered models of multi-objective
functions based on four cases implemented over the
IEEE 57-bus test system, which are described as follows:
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FIGURE 7. Pareto set using IHBO based on multi-objective ORPD (IEEE 57-bus system).

Case 11: THBO is applied in this case for minimizing
the real power loss and TVD simultaneously. The values of
the Pareto front are shown in Fig.7a. As well, the optimal
variables and the best values of objective functions to be
minimized in this case are given in Table 6.1t is seen from
the table, the capability of IHBO for achieving the best min-
imum values of real power loss and TVD which are equal to
16.0289 MW and 0.9498 p.u., respectively.

Case 12: The real power loss and VSI are solved as a bi
multi-objective problem for minimizing each of them simul-
taneously. The Pareto front based on the proposed IHBO
are shown in Fig.7b. The minimum values of the bi multi-
objective problem and the optimal variables are introduced
in Table 6. The results show that the best optimization values
for real power loss and VSI are equal to 15.7423 MW and
0.7799 p.u., respectively.

Case 13: In this case, the TVD and VSI are mini-
mized simultaneously using the proposed IHBO based on
the bi multi-objective model. The Pareto front are displayed
in Fig.7c. Moreover, the simulation results of optimal vari-
ables with the minimum values of the TVD and VSI are
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presented in Table 6. The preferable results for TVD and VSI
are 1.0745 p.u. and 0.6916, respectively.

Case 14: the tri multi-objective ORPD problem is solved
using the proposed IHBO. The Pareto front of the three con-
sidered objective functions is displayed in Fig.7d. The best
minimum values of three objective functions along with the
optimal variables are listed in Table 6. The best values for the
real power loss, TVD and VSI are 18.1928 MW, 0.9205 p.u.
and 0.8152 respectively.

C. IEEE 118-BUS TEST SYSTEM
To achieve the robustness and strength performance 186 of
IHBO based on the large-scale test system, the IHBO is
applied in this section on the IEEE 118-bus test system.
The system comprises 54 generating units, 64 load buses,
transmission lines, 14 reactive power compensators, and
9 tap-setting transformers. Further, the total load of real and
reactive power is 4242 MW and 1438 MVAR, respectively.
The detailed system technical data are presented in [64].
Furthermore, the system constraints are as follows; the lim-
its of voltage magnitudes at the generating buses are between
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TABLE 6. The optimal values obtained by IHBO based on multi-objective ORPD problem (IEEE 57-bus system).

Optimal variables Case 11 Case 12 Case 13 Case 14
V G1(p.u.) 1.1000 1.0329 1.0504 1.0749
VG2 (p.u.) 1.0835 1.0111 1.0279 1.0497
VG3(p.u.) 1.0662 1.0090 1.0305 1.0319
VG6 (p.u.) 1.0610 1.0038 1.0271 1.0037
VGS8 (p.u.) 1.0567 0.9868 1.0300 0.9770
VGYI (p.u.) 1.0274 0.9752 1.0151 0.9878
VG12 (p.u.) 1.0151 0.9894 1.0400 1.0388
T19(p.u.) 0.9496 1.0356 0.9959 0.9061
T20 (p.u.) 0.9842 0.9477 1.0380 1.0752
T31 (p.u.) 0.9655 1.1000 0.9000 1.0415
T35 (p.u.) 0.9088 0.9059 1.0855 1.0307
T36 (p.u.) 1.0307 1.0102 0.9956 0.9855
T37 (p.u.) 1.0570 1.0413 1.0512 1.0454
T41(p.u.) 1.0106 0.9986 0.9906 1.0064
T46 (p.u.) 0.9889 1.0299 1.0712 1.0053
T54 (p.u.) 0.9034 0.9602 0.9001 0.9012
T58 (p.u.) 1.0526 0.9198 0.9557 0.9641
T59 (p.u.) 0.9514 0.9014 0.9476 0.9200
T65 (p.u.) 0.9995 0.9636 1.0154 1.0784
T66 (p.u.) 1.0663 0.9685 0.9878 0.9882
T71 (p.u.) 1.0555 1.0191 0.9444 0.9712
T73 (p.u.) 1.0237 0.9000 1.1000 0.9052
T76 (p.u.) 0.9140 1.0221 0.9923 1.0608
T78 (p.u.) 1.0241 0.9175 0.9703 0.9902
QC18(MVAR) 0.0421 15.3005 7.6568 24.6084
QC25(MVAR) 15.7695 19.0355 17.3871 12.2347
QCS3(MVAR) 11.2935 30.0000 2.8277 29.9924

loss (MW) 16.0289 15.7423 21.6997 18.1928

TVD (p.u.) 0.9498 1.2133 1.0744 0.9204
VSI(p.u.) 0.8898 0.7798 0.6916 0.8152

0.9 p.u. and 1.1 p.u., the limits of voltages at load buses are
considered between 0.94 p.u. bus 1.06 p.u., the tap-setting
transformers are considered between 0.9 p.u. to 1.1 p.u.,,
the limits of shunt reactive compensators are supposed to be
between 0 to 20 MVAR.

The system comprises 77 control variables including
54 generating units, 9 tap changing transformers, and
14 shunts VAR compensation devices.

The proposed IHBO is applied on the IEEE 118-bus test
system for solving the single-objective and tri-multi objec-
tive ORPD problems in this section. The obtained results
of optimal variables and considered objective functions are
tabulated in Table 7 for cases 15-18. The cases are described
as follows:

Case 15: The purpose of this case is to minimize the real
power loss using IHBO. The real power loss is 108.2051 MW,
where the TVD and VSI are equal to 1.1202 p.u. and 0.1086,
respectively.

Case 16: The aim of the case is to minimize the TVD
of the system by applying IHBO. The best-minimized
value for the TVD is 0.2814 and the values of real power
loss and VSI are equal to 138.1058 MW and 0.1707,
respectively.

Case 17: The IHBO is implemented here for minimizing
the VSI. The minimized value for the VSI is 0.0502. The
values of real power loss and TVD are equal to 141.6473 MW
and 1.3530 p.u., respectively.
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FIGURE 8. Pareto set using IHBO based on multi-objective ORPD (IEEE
118-bus system).

Case 18: The tri-multi objective ORPD problem is solved
based on IHBO. The real power loss, TVD, and VSI are
minimized simultaneously. Furthermore, the optimal val-
ues of the Pareto set are shown in Fig.8. Moreover, the
obtained results of minimum values for the real power loss,
TVD, and VSI are 126.1271 MW, 0.5712 p.u. and 0.0563,
respectively.

The proposed THBO is also compared with other
well-known optimization algorithms and the results are
tabulated in Table 8. From this table, it can be observed
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TABLE 7. The optimal results obtained using IHBO based on single and tri- multi-objective ORPD problem (IEEE 118-bus system).

Optimal Case 15 Case 16 Case 17 Case 18 Optimal variables Case 15 Case 16 Case 17 Case 18
variables Cont.
VG1(p.u.) 1.0201 1.0036 0.9895 0.9935 VG90(p.u.) 0.9787 0.9895 1.0000 0.9887
VG4(p.u.) 1.0378 1.0130 0.9764 1.0027 VGI1(p.u.) 0.9845 0.9839 1.0124 0.9966
VG6(p.u.) 1.0356 1.0162 0.9790 1.0001 VG92(p.u.) 0.9931 0.9952 1.0083 1.0128
VG8(p.u.) 1.0105 0.9868 1.0091 1.0381 VG99(p.u.) 1.0152 1.0018 0.9975 1.0158
VG10(p.u.) 1.0348 0.9634 0.9714 1.0459 VG100(p.u.) 1.0057 1.0039 1.0009 1.0161
VG12(p.u.) 1.0314 0.9973 0.9831 0.9947 VG103(p.u.) 1.0025 0.9952 1.0187 1.0099
VG15(p.u.) 1.0230 0.9916 1.0008 1.0056 VG104(p.u.) 1.0091 1.0196 1.0210 0.9911
VG18(p.u.) 1.0206 0.9856 0.9966 1.0108 VG105(p.u.) 1.0108 1.0127 1.0205 0.9866
VG19(p.u.) 1.0257 0.9880 1.0041 1.0009 VG107(p.u.) 1.0099 0.9970 1.0400 0.9796
VG24(p.u.) 1.0488 1.0188 1.0545 1.0392 VG110(p.u.) 1.0153 0.9923 1.0174 0.9814
VG25(p.u.) 1.0530 1.0015 1.0402 1.0125 VG111(p.u.) 1.0167 0.9949 1.0177 0.9585
VG26(p.u.) 0.9989 1.0540 1.0493 0.9701 VG112(p.u.) 1.0155 0.9861 1.0103 0.9824
VG27(p.u.) 1.0229 0.9831 1.0370 0.9947 VG113(p.u.) 1.0294 1.0038 1.0172 1.0233
VG31(p.u.) 1.0180 0.9738 1.0261 0.9868 VG116(p.u.) 1.0523 1.0577 1.0576 1.0574
VG32(p.u.) 1.0224 0.9883 1.0380 0.9908 T8(p.u.) 0.9964 0.9520 0.9838 1.0232
VG34(p.u.) 1.0206 1.0082 1.0241 1.0058 T32(p.u.) 0.9503 1.0381 0.9359 0.9989
VG36(p.u.) 1.0186 1.0061 1.0244 1.0056 T36(p.u.) 0.9821 1.0786 1.0850 1.0080
VG40(p.u.) 1.0032 0.9918 0.9976 1.0173 T51(p.u.) 1.0264 1.0779 1.0798 1.0843
VG42(p.u.) 1.0147 0.9817 1.0119 1.0197 T93(p.u.) 0.9620 1.0012 0.9667 1.0077
VG46(p.u.) 1.0000 0.9875 0.9958 0.9832 T95(p.u.) 0.9905 1.0230 1.0912 0.9847
VG49(p.u.) 1.0231 1.0084 1.0047 1.0101 T102(p.u.) 0.9715 0.9881 0.9680 1.0097
VG54(p.u.) 0.9991 1.0275 0.9624 0.9947 T107(p.u.) 0.9223 0.9068 0.9033 0.9018
VG55(p.u.) 1.0052 1.0292 0.9600 0.9898 T127(p.u.) 1.0109 1.0415 1.0513 1.0068
VG56(p.u.) 1.0000 1.0265 0.9596 0.9953 Qc5(MVAR) 5.1013 8.0037 11.1833 9.9526
VG59(p.u.) 1.0335 1.0437 1.0127 1.0210 Qc34(MVAR) 19.4035 19.5427 14.7134 18.7263
VG61(p.u.) 1.0135 1.0283 1.0237 1.0294 Qc37(MVAR) 4.4302 12.1961 15.6696 5.4693
VG62(p.u.) 1.0078 1.0241 1.0174 1.0209 Qc44(MVAR) 11.0657 18.3872 19.7324 3.1684
VG65(p.u.) 1.0500 1.0579 1.0598 1.0526 Qc45(MVAR) 10.6775 11.9349 13.4277 3.0295
VG66(p.u.) 1.0416 1.0400 1.0584 1.0528 Qc46(MVAR) 9.6457 13.2808 7.4969 1.7571
VG69(p.u.) 1.0459 1.0589 1.0580 1.0594 Qc48(MVAR) 0.3006 4.0701 10.9724 9.8931
VGT70(p.u.) 0.9881 1.0043 1.0293 1.0313 Qc74(MVAR) 14.7523 12.2376 7.9160 7.8090
VGT72(p.u.) 1.0236 1.0043 1.0262 1.0310 Qc79(MVAR) 4.5033 12.0831 17.4251 10.8209
VG73(p.u.) 1.0063 1.0292 1.0267 1.0434 Qc82(MVAR) 6.8231 3.0994 7.5058 18.8280
VG74(p.u.) 0.9975 1.0112 1.0301 1.0217 Qc83(MVAR) 1.9578 14.3909 11.7804 15.6642
VG76(p.u.) 0.9934 1.0112 1.0330 0.9965 Qcl105(MVAR) 12.8951 16.4015 11.0329 16.5498
VG77(p.u.) 1.0015 1.0003 1.0169 1.0239 Qc107(MVAR) 13.2690 17.2238 10.2552 12.4595
VG80(p.u.) 0.9935 0.9994 1.0134 1.0285 Qcl110(MVAR) 19.9233 6.7481 15.0319 8.1861
VG85(p.u.) 1.0024 0.9835 0.9912 1.0126 Loss 108.2051 138.1058 141.6473 126.1271
VG87(p.u.) 1.0114 1.0025 0.9679 1.0198 TVD (p.u.) 1.1202 0.2814 1.3530 0.5712
VG89(p.u.) 1.0064 1.0019 1.0179 1.0158 VSI(p.u.) 0.1086 0.1707 0.0502 0.0563

TABLE 8. Compared results of single-objective ORPD using different optimization techniques (IEEE 118-bus system).

Methods OF (s)
Minimization of losses Minimization Minimization of VSI
of TVD

THBO 108.2051 0.2814 0.0502
HBO 113.2182 0.3729 0.0632
APOPSO 111.8730 0.1980 0.0692
CBA 1V 113.7040 0.3032 0.0570
CBA_III 115.5989 0.3059 0.0587
BA 116.9329 0.3172 0.0613
OGSA 126.9900 0.3666 0.0600

ALC-PSO 121.5300 0.3262 NA
EMA 126.2243 NA 0.4841
QOTLBO 112.2789 0.1910 0.0608

FAHCLPSO 116.2479 0.2218 NA
CLPSO 130.9600 1.6177 0.0965

that the ITHBO gives the best minimum values for the APOPSO [38], BA, CBA_IIl, and CBA_IV [49], FAH-
three considered objective functions compared with those CLPSO [53], ALC-PSO [62],0pposition based GSA
given by the exchange market algorithm (EMA) [10], (OBGSA) [65],quasi-oppositional teaching-learning based
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TABLE 9. The best compromise solutions for all studied cases.

Test system Case # Type of objective Minimized Objective Piyss (MW) TVD (p.u.) VSI
function function (p-u.)
Case 1 Single-objective Real power loss 3.4923 1.4794 3.6435
function
Case 2 Single-objective Total voltage deviation 4.2417 0.0854 1.0658
IEEE 30-bus function
system Case 3 Single-objective Voltage stability index 0.1251 0.2106 0.0505
function
Case 4 Bi-objective function Real power loss and 3.8842 0.2955 0.2249
total voltage deviation
Case 5 Bi-objective function Real power loss and 3.6188 0.9677 0.0838
total voltage stability
index
Case 6 Bi-objective function  Total voltage deviation 4.2338 0.2163 0.0583
and voltage stability
index
Case 7 Tri-objective Real power loss, total 3.9254 0.3134 0.0669
function voltage deviation and
voltage stability index
Case 8 Single-objective Real power loss 13.9725 1.1208 0.8079
function
Case 9 Single-objective Total voltage deviation 16.4291 0.8781 0.8626
IEEE 57-bus function
system Case 10 Single-objective Voltage stability index 19.4196 1.2387 0.5085
function
Case 11 Bi-objective function Real power loss and 16.0289 0.9498 0.8898
total voltage deviation
Case 12 Bi-objective function Real power loss and 15.7423 1.2133 0.7798
total voltage stability
index
Case 13 Bi-objective function  Total voltage deviation 21.6997 1.0744 0.6916
and voltage stability
index
Case 14 Tri-objective Real power loss, total 18.1928 0.9204 0.8152
function voltage deviation and
voltage stability index
Case 15 Single-objective Real power loss 108.2051 1.1202 0.1086
IEEE118-bus function
system Case 16 Single-objective Total voltage deviation 138.1058 0.2814 0.1707
function
Case 17 Single-objective Voltage stability index 141.6473 1.3530 0.0502
function
Case 18 Tri-objective Real power loss, total 126.1271 0.5712 0.0563
function voltage deviation and

voltage stability index

optimization(QOTLBO) [66], and Comprehensive learning
PSO (CLPSO) [57].

Finally, Table 9 display the summary of all studied cases
over all the three test systems based on the proposed IHB.
However, all results of minimized objective functions are
showed for single and multi-objective ORPD problem.

VI. CONCLUSION

In this paper, an effective optimization optimizer called IHBO
has been proposed to improve the performance of the original
HBO which recently published and applied for solving sev-
eral optimization problems in different fields. In addition, two
algorithms based on HBO and IHBO have been developed
for solving single and multi-objective ORPD problems. The
proposed algorithms have been evaluated and verified on
various standards of the IEEE 30-bus, IEEE 57-bus, and IEEE
118-bus test systems. The results confirm high performance
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as well as the effectiveness of IHBO in solving the ORPD
optimization problems. Furthermore, the coincidence of the
optimal obtained results of the large systems like the IEEE
118 bus system validates that the proposed technique over-
comes the difficulties related to this type of test system. Also,
the results yielded by IHBO have been compared with those
obtained by the original HBO along with other available
recently meta-heuristics techniques. The simulated results
confirm that the IHBO outperforms other compared tech-
niques for solving ORPD in terms of robustness and effective-
ness. In the future work, the proposed IHBO could be applied
for solving other complex optimization problems in differ-
ent fields such as optimal distribution generation allocation
considering uncertainty of renewable energy resources and
load, optimal design and planning of hybrid renewable energy
systems, parameter estimation of fuel cells and photovoltaic
models.
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