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Abstract Network reconfiguration and capacitor alloca-

tion are two valuable tools to optimally manage distribu-

tion systems. In the present work, an efficient algorithm is

proposed for the joint problem of reconfiguration and

capacitor placement in distribution systems. The multi-

objective problem is formulated to minimize objective

functions of total network power losses, bus voltage vio-

lation, and branch loading deviations subject to different

technical and operational constraints. To enhance explo-

ration ability, the Symbiotic Organisms Search algorithm is

strengthened with Particle Swarm Optimization capabili-

ties to develop the Hybrid Symbiotic Organisms Search

algorithm, which is applied to solve the proposed problem.

Objective functions are fuzzified and aggregated by a

geometric mean operator to have the same scales. The

proposed joint optimization problem is solved with the

introduced Hybrid Symbiotic Organisms Search algorithm

in two different case studies of balanced and unbalanced

test systems. According to obtained results that are com-

pared with some well-known evolutionary algorithms, the

superiority of the Hybrid Symbiotic Organisms Search

algorithm is confirmed in terms of solution optimality and

convergence speed.

Keywords Optimal reconfiguration � Capacitor
placement � Hybrid Symbiotic Organisms Search (HSOS) �
Multi-objective optimization � Distribution systems

Introduction

In electric distribution systems, capacitors have been

applied to compensate load reactive power demands and to

prevent the violation of voltages from their permissible

limits. The efficiency of the compensation depends on the

location and size of capacitors. Recent trends in electricity

markets pushes existing power systems to better employ

network resources (Rosen and Madlener 2013). Also,

recent integration of renewable energy sources into power

systems requires more operational challenges to keep the

system more effective (Chang 2014). In addition, feeder

reconfiguration is the process of altering the topology and

configuration of distribution systems by changing the open

or closed status of switches. Two types of switches are used

in distribution systems to change network topology; they

include normally closed switches (sectionalizing switches)

and normally open switches (tie switches). Both tasks of

capacitor placement and reconfiguration have a vital effect

on performance indices of distribution systems such as

power losses and voltage profile. Optimal network recon-

figuration and capacitor placement, which is formulated as

a type of optimal power flow (Murillo-Sánchez et al. 2013),

have been separately implemented in research papers using

different approaches, different objective functions, and

diverse optimization solution methods.

Network reconfiguration is researched in literature using

different objective functions and approaches; most of these

algorithms are based on heuristic techniques and artificial

intelligence methods. For instance, a method to enhance
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power quality and reliability of distribution systems by

employing optimal network reconfiguration was presented

by Shareef et al. (2014), which was applied independently

to a system in a specified period to minimize the number of

propagated voltage sags and other reliability indices. The

Quantum-inspired Binary Firefly algorithm is used to find

the optimal network reconfiguration. A methodology for

the reconfiguration of radial electrical distribution systems

based on the bio-inspired meta-heuristic Artificial Immune

System (AIS) to minimize energy losses was presented by

De Oliveira et al. (2014), in which radiality and connec-

tivity constraints as well as different load levels for plan-

ning the system operation were considered. Sedighizadeh

et al. (2013) have proposed an efficient Hybrid Big Bang-

Big Crunch (HBB-BC) optimization algorithm to solve the

multi-objective reconfiguration of balanced and unbal-

anced distribution systems in a fuzzy framework. The

considered objectives were the minimization of total active

power losses, minimization of bus voltage deviation, and

load balancing in feeders. An adapted Ant Colony Opti-

mization (ACO) for the reconfiguration of radial distribu-

tion systems and minimization of real power losses was

used by Swarnkar et al. (2011), in which conventional

ACO was adapted by the graph theory to continuously

create feasible radial topologies during the whole evolu-

tionary process which avoided tedious mesh check and

hence, it reduced the computational burden. Amanulla

et al. (2012) have used a Binary Particle Swarm Opti-

mization (BPSO) for finding the optimal status of switches

for distribution system reconfiguration. Maximizing relia-

bility indices and minimizing real power losses were

objectives of the optimization. Mendoza et al. (2009) have

utilized a Pareto-based optimization technique called

Micro-genetic Algorithm (MGA) for distribution system

reconfiguration. This algorithm finds optimal status of

switches for maximizing reliability indices and minimizing

real power losses. Bernardon et al. (2010) have suggested

an efficient fuzzy decision maker based on Bellman–

Zadeh’s method for optimal distribution network recon-

figuration. The goal was to reduce power losses, enhance

voltage profile of customers, and increase reliability levels.

Tomoiagă et al. (2013) have proposed a Pareto-based

optimal reconfiguration of power distribution systems

using Genetic Algorithm (GA) based on Non-dominated

Sorting GA (NSGA-II). Minimization of active power

losses and the system average interruption frequency index

were the goals of optimization. Ghasemi and Moshtagh

(2014) have found the optimal reconfiguration of distri-

bution networks by a novel codification and modified

heuristic approach for reducing power losses cost and

increasing cost–benefit from voltage improvement. Saffar

et al. (2011) have suggested an optimal reconfiguration of

distribution systems using a new fuzzy–ant colony search

based algorithm. The goals of optimization are the loss

reduction and load balancing. Aman et al. (2014) have

performed the optimal reconfiguration using Discrete

Artificial Bee Colony (DABC) approach considering the

Continuation Power Flow (CPF) theorem and radial dis-

tribution load flow analysis. The goal is the maximization

of loadability. The graph theory is used to ensure the

radiality and connectivity of the system. The graph theory

is mainly valuable in graphical user interface-based

application such as voltage stability and optimization

programming tool (Aman et al. 2016a). Aman et al.

(2016b) simultaneously investigated the Distributed Gen-

eration (DG) optimal allocation and optimum tie switch

allocation using DABC algorithm. The aim is to maximize

the loadability subject to allowed deviation in bus voltage

and allowed branch loading. The radiality and connectivity

constraints are also satisfied.

On the other hand, the problem of capacitor placement

in electric distribution systems has been extensively

investigated in articles mostly for loss reduction. For

example, a fuzzy-based approach was proposed by Rama-

dan et al. (2014) to optimally allocate and size capacitors in

distribution systems using different membership functions

for voltage profile and power loss objective functions.

Abul’Wafa (2013) considered a two-stage method for loss

reduction and the optimal operational status of devices was

determined using GA resulting in determining the optimal

location and number of capacitors. Carpinelli et al. (2012)

have investigated the single objective probabilistic optimal

allocation to solve the capacitor placement problem. Dev-

abalaji et al. (2015) have studied the optimal location and

sizing of capacitors using the Bacterial Foraging (BF)

optimization algorithm in radial distribution systems.

Kannan et al. (2011) have used fuzzy Differential Evolu-

tion (DE) and fuzzy Multi Agent PSO (MAPSO) methods

for optimal capacitor placement in radial distribution

feeders in order to reduce real power losses, to improve the

voltage profile, and to achieve economic saving. Aman

et al. (2013) simultaneously determined the optimum DG

and shunt capacitor placements using the PSO algorithm to

minimize the active power losses and enhance voltage

regulation.

In addition to above mentioned works that studied

reconfiguration and capacitor placement separately, there

are some other studies which have simultaneously dealt

with both network reconfiguration and capacitor place-

ment. For instance, Farahani et al. (2012) applied the

simple branch exchange method for the reconfiguration

problem and revealed that the sequence of loop selection

affects the optimal configuration and network losses. They

also proposed a joint optimization algorithm for combining

the improved method of reconfiguration and capacitor

placement. Discrete GA was used to optimize the location
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and size of capacitors and the sequence of loop selection in

reconfiguration. The problem of optimal voltage regulation

and power loss minimization in distribution systems

equipped with shunt capacitor banks was investigated by

Augugliaro et al. (2004) and the optimal reconfiguration of

tie-switches and capacitor banks on feeders of a meshed

distribution system is addressed with objective functions of

power losses and voltage deviations using an adopted

evolutionary algorithm and fuzzy set theory for scaling the

objective functions. The membership function used for

scaling is a bell-shaped normal distribution function and

objective functions are combined with their minimum

(intersection) and product approach. Sultana and Roy

(2016) used a computationally efficient methodology

namely the Krill Herd (KH) algorithm for capacitor

placement and reconfiguration problem. Montoya and

Ramirez (2012) utilized the Minimum Spanning Tree

(MST) algorithm to determine minimum losses in the

reconfiguration problem and used GA for achieving the

greatest savings through the optimal capacitor placement

problem. Sedighizadeh et al. (2014) investigated the plan-

ning issues for the priority of reconfiguration and capacitor

placement problems based on an Improved BPSO (IBPSO)

algorithm employing a different structure for the opti-

mization problem.

Considering the above-mentioned features, the contri-

bution of this paper is to present a fuzzy-based formulation

for the simultaneous optimal reconfiguration and capacitor

placement problem in distribution systems. The Hybrid

Symbiotic Organisms Search (HSOS) algorithm is

employed here as a new evolutionary optimization tool for

solving the proposed multi-objective problem. The objec-

tive functions include the minimization of total real power

losses and bus voltage violation as well as load balancing

in feeders. Objective functions are transformed into fuzzy

memberships and finally, they are combined into a single

objective function, which is optimized subject to a variety

of power system operational constraints. Also, unbalanced

power systems are considered in the reconfiguration and

capacitor allocation problem, a matter which has been

rarely addressed in literature.

Proposed Method for Reconfiguration
and Capacitor Allocation

In this section, the proposed formulation for distribution

system reconfiguration in the presence of capacitors is

elaborated with its objective functions and constraints.

Objective Functions

Minimizing Power Losses

Power losses are one of vital quantities in distribution

systems and it is critical to keep power losses low for a

better usage of network resources. The system total power

losses are determined as sum of losses in all branches and it

is minimized as the first objective function as:

Min f1 ¼ Ploss ¼
XNbr

k¼1

Rk Ikj j2 ð1Þ

where Rk and Ik represent the resistance and current of

branch k, respectively; Nbr is the total number of branches

in the system.

Minimizing Bus Voltage Deviation Index

For the purpose of a better voltage profile, the Voltage

Deviation Index (VDI) is defined and optimized as follows:

Min f2 ¼ VDIi ¼ max 1� Vmin;i

�� ��; 1� Vmax;i

�� ��� �
ð2Þ

where Vmin;i and Vmax;i are minimum and maximum values

of bus voltage in configuration i, respectively. In fact, VDIi
gives the largest deviation in voltage for configuration i.

Minimizing Load Balancing Index

For the purpose of load balancing, a parameter is defined as

the ratio of branch loading. It is called the Line Usage

Index (LUI) of branches and calculated as follows (Saffar

et al. 2011):

LUIk ¼
Ik

Imaxk

ð3Þ

where Ik represents the current of branch k; Imaxk is the

permitted rating of branch k. These LUI values are nor-

malized and shown with parameter of Y as:

Y ¼ I1

Imax1

I2

Imax2

I3

Imax3

� � � � � � INbr

ImaxNbr

" #
ð4Þ

So, the Load Balancing Index (LBI) objective function

is expressed as follows:

Min f3 ¼ LBI ¼ Var Yð Þ ð5Þ

where Var represents the variance operation. By mini-

mizing variance of branch loading in the LBI objective

function, loads are dispatched over branches more uni-

formly resulting in a small variance.
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Fuzzy-based Combination of Objective Functions

In order to find a solution in which all objective functions

are optimized, a multi-objective programming method

should be used. In order to avoid scaling problem and to

transform objective functions into the same range, the

fuzzification method is used (Esmaili and Goldoust 2015).

All objective functions are fuzzified and transformed into

the same range of [0, 1] using the trapezoidal fuzzy

membership function which is expressed as (Sedighizadeh

et al. 2017):

qi ¼
1 fi � f mini
f maxi � fi

f maxi � f mini

f mini \fi\f maxi

0 fi � f maxi

8
><

>:
ð6Þ

where f mini and f maxi represent the ideal and nadir values for

objective function i, respectively; fi is objective function

value; and qi is its fuzzy membership value. Ideal and nadir

values (Akorede et al. 2011) represent the best and worst

accessible values of each objective function, respectively,

in the solution space of the problem. As depicted in Fig. 1,

a smaller value of the objective function leads to a larger

membership function, which is more preferred when the

objective function is for minimization. In the proposed

method, three memberships of qLoss,qVDI , and qLBI are

calculated for the objective functions of loss, VDI, and

LBI, respectively.

There are several methods to combine these member-

ships and establish an overall fuzzy fitness function. We

here use a recent operator called ‘‘max geometric mean’’

(Gupta et al. 2010) to integrate objective functions. Using

this technique, the degree of overall fuzzy satisfaction is

computed as follows:

lf ¼ qLoss:qVDI :qLBIð Þ1=3 ð7Þ

where lf represents the overall fitness function of the

multi-objective solution. This overall fitness function is the

objective function that is maximized in our multi-objective

problem.

Constraints

The proposed multi-objective problem for simultaneous

reconfiguration and capacitor allocation is optimized sub-

ject to following constraints.

Power Flow Equations

Active and reactive power balance at each node of the

network should be observed using following constraints

(Esmaili and Rajabi 2013):

PGi � PDi ¼
XNbus

j¼1

Vij j Vj

�� �� Yij
�� �� cos di � dj � uij

� �

i ¼ 1; . . .;Nbus

ð8Þ

QGi � QDi ¼
XNbus

j¼1

Vij j Vj

�� �� Yij
�� �� sin di � dj � uij

� �

i ¼ 1; . . .;Nbus

ð9Þ

where PGi and QGi are active and reactive generations at

bus i; PDi and QDi are active and reactive demands at bus

i; Vi and di represent the magnitude and angle of voltage

phasor at bus i; jYijj and uij are the magnitude and angle of

ij entry from the bus admittance matrix, and Nbus is the

number of buses.

Network Radiality and Connectivity

Network radiality can be achieved by the Kirchhoff alge-

braic method based on the bus incidence matrix (Abdelaziz

et al. 2010). This connection matrix is obtained by the

graph theory (Park and Basole 2016) and has one row for

each branch and one column for each node. Each member

of this matrix is determined by the following rules:

• ai;j ¼ 0 if branch i is not connected to node j.

• ai;j ¼ 1 if branch i is directed away from node j.

• ai;j ¼ �1 if branch i is directed toward node j.

The first column corresponding to the reference node is

removed and the resultant branch-to-node matrix is deno-

ted by A. The system radiality is specified by the deter-

minant of A: if the determinant of A is equal to 1 or -1,

then the system configuration is radial; but, if the deter-

minant of A is equal to zero, either the system configuration

is not radial or some loads are not energized.

Branch Current Limits

In order to protect cables and feeders against excessive

currents, their rating should be taken into account:

Ikj j � Imaxk k ¼ 1; . . .;Nbr ð10Þ

0

1

Fig. 1 Trapezoidal fuzzy membership function for objective

functions
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Bus Voltage Permissible Range

After reconfiguration and capacitor allocation, bus voltages

should remain within their permissible range specified by

the system operator:

Vmin � Vij j �Vmax i ¼ 1; . . .;Nbus ð11Þ

where Vmin and Vmax are minimum and maximum allow-

able voltages, respectively.

Hybrid Symbiotic Organisms Search Algorithm
as a Solution Tool

In this section, after briefly reviewing the basic Symbiotic

Organisms Search (SOS) method, the modified version as

HSOS is introduced to solve the proposed formulation.

The Basic Symbiotic Organisms Search

First, Cheng and Prayogo introduced the SOS algorithm as

a new optimization method in 2014 (Cheng and Prayogo

2014) by employing symbiotic interaction strategies

adopted by organisms to survive and propagate in

ecosystems. This population-based method has a simple

implementation, low computational time, and high con-

vergence speed. Cheng and Prayogo (2014) revealed the

outstanding performance of the SOS method in solving

various complex numerical problems by solving several

mathematical problems.

Similar to other meta-heuristic algorithms, the SOS

algorithm is based on natural phenomena and imitates the

symbiotic interactions within a paired organism relation-

ship utilized for finding the fittest organism. In this algo-

rithm, a population of candidate solutions is selected in the

search space in looking for the optimal solution. The initial

population is called ecosystem. A group of organisms is

produced randomly in the search space for filling the initial

ecosystem. Indeed, each organism is a potential candidate

solution to the problem and it provides a certain fitness

value which clarifies the degree of its quality. Similar to

most meta-heuristic algorithms, this algorithm applies a

sequence of operations to initial solutions over iterations in

order to produce new solutions for the next iteration. In

SOS, a new solution generation is reproduced based on a

three-phase biological interaction between two organisms

in the ecosystem: the mutualism phase (benefit both sides),

commensalism phase (benefit one side and do not impact

the other), and parasitism phase (benefit one side and

actively harm the other). All of these phases may happen

when organisms interact with each other randomly during

iterations. This process is repeated until termination criteria

are satisfied.

The Mutualism Phase

Let’s denote the ith organism of the ecosystem as Xi.

Another organism Xj is chosen randomly from the

ecosystem to interact with Xi. Both organisms can coop-

erate in a mutualistic relationship to enhance mutual sur-

vival advantage in the ecosystem. According to the

mutualistic symbiosis between organisms, new candidate

solutions of Xi and Xj are calculated as follows:

X
kþ1ð Þ
i ¼ X

kð Þ
i þ randð0; 1Þ Xbest �

X
kð Þ
i þ X

kð Þ
j

2

 !
� BF1

 !

ð12Þ

X
kþ1ð Þ
j ¼ X

kð Þ
j þ randð0; 1Þ Xbest �

X
kð Þ
i þ X

kð Þ
j

2

 !
� BF2

 !

ð13Þ

where k denotes iteration number; BF1 and BF2 are benefit

factors of organism Xi and Xj, respectively; Xbest is the

global solution up to iteration k; randð0; 1Þ is a random

number generated at each iteration.

The BF coefficient shows the rate of receiving benefits

for each organism from other organisms in mutualism

relationships. When BF1 is larger than BF2, organism i

receives more beneficial advantage from organism j. Here,

benefit factors are identified randomly as either 1 or 2. In

(12) and (13), the second term shows the mutualistic

attempt to achieve their goal in increasing their survival

advantage. The new candidate solutions replace the exist-

ing ones if their new fitness is better than their pre-inter-

action fitness.

The Commensalism Phase

In this phase, similar to the mutualism phase, organism Xj

is chosen randomly from the ecosystem to interact with Xi.

Afterwards, organism Xi tries to promote from the inter-

action. However, this interaction is neither beneficial nor

harmful for organism Xj. This relationship is modeled by

the following equation:

X
kþ1ð Þ
i ¼ X

kð Þ
i þ randð�1; 1Þ Xbest � X

kð Þ
j

� �
ð14Þ

The second term in (14) represents the beneficial

advantage provided by Xj to help Xi enhance its survival

advantage in the ecosystem to the highest degree in the

current organism (represented by Xbest). Organism Xi is

replaced by its new value only if its new fitness is better

than its pre-interaction fitness.
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The Parasitism Phase

In this phase, organism Xi creates an artificial parasite

called the parasite vector (P_V). P_V is generated in the

search space through duplicating organism Xi, and then, it

adjusts randomly chosen dimensions by a random number.

The randomly selected organism Xj from the ecosystem

acts as a host to the P_V that attempts to replace Xj in the

ecosystem. The fitness related to both organisms is then

calculated. If P_V has a better fitness value, it will remove

organism Xj and occupy its position in the ecosystem. If Xj

has a better fitness value, Xj will have immunity from the

parasite and P_V cannot stay in that ecosystem. All of the

three phases mentioned above are repeated until a stopping

criterion is satisfied.

Overview of PSO and Improved PSO

PSO is a population-based stochastic optimization algorithm

and has recently acquired wide applications in optimizing

design problems because of its simplicity and ability to

optimize complex constrained objective functions in multi-

modal search spaces. In PSO, each potential solution is

referred to a particle and each set of particles composes a

population. Each particle maintains the position associated

with the best fitness ever experienced by it in a personal

memory called pbest. Besides, the position associated with

the best value obtained so far among particles is called gbest.

In each iteration, pbest and gbest values are updated and each

particle modifies its velocity to stochastically go on. This

concept can be formulated as (Moarref et al. 2016):

V
ðkþ1Þ
j ¼ w:V

ðkÞ
j þ c1r1 pbest

ðkÞ
j � x

ðkÞ
j

� �

þ c2r2 gbestðkÞ � x
ðkÞ
j

� �
j ¼ 1; . . .;N

ð15Þ

x
ðkþ1Þ
j ¼ x

ðkÞ
j þ V

ðkþ1Þ
j j ¼ 1; . . .;N ð16Þ

where k is the iteration number; V
ðkÞ
j is the velocity of

particle j at iteration k; x
ðkÞ
j is particle j positionat iteration

k; w is inertia weight factor; c1 and c2 are cognitive and

social acceleration factors, respectively; r1 and r2 are uni-

formly distributed random numbers in the range of [0, 1];

pbest
ðkÞ
j and gbestðkÞ represent the best position of the jth

particle and the best global position up to iteration k,

respectively; N is the number of particles.

Appropriate selection of c1,c2, and w plays an important

role in the efficiency of PSO. In some cases, convergence is

premature, especially for small inertia weight factor. As the

early found global best in the searching procedure may be a

local minimum, an Improved PSO (IPSO) is used to avoid

such a case. Chao et al. (2015) proposed this variant of

PSO as IPSO. Initially, a growth indicator b is defined for

each particle; it increases if the current fitness value of

particle is better than that of the previous iteration. When

the personal bests of all particles are updated in each

generation, the personal bests with better fitness values

than the global best are considered as the candidate to

replace the global best. That is, the global best will be

replaced by the personal best with the highest growth

indicator of b.

The Proposed HSOS Algorithm

The HSOS algorithm, which is used in the current paper,

incorporates PSO capabilities into SOS for a higher effi-

ciency. In the HSOS, after calculating new organisms

according to the three phases of SOS, they are updated as

using PSO. When PSO starts, we have k þ 1 values

available; they are already calculated according to sub-

section ‘‘The basic symbiotic organisms search’’. At this

stage, they are updated as:

V
ðkþ1Þ
jSOS ¼ w:V

ðkÞ
j þ c1r1 pbest

ðkþ1Þ
j � x

ðkþ1Þ
j

� �

þ c2r2 gbestðkþ1Þ � x
ðkþ1Þ
j

� �
ð17Þ

x
ðkþ1Þ
jHSOS ¼ x

ðkþ1Þ
jSOS þ V

ðkþ1Þ
jSOS j ¼ 1; . . .;M ð18Þ

where M is number of organisms in the ecosystem. Equa-

tion (17) gives the new velocity of SOS organisms and (18)

obtains HSOS organisms using SOS velocity and

organisms.

To obtain a discrete solution in optimization problems

with integer variables, the function of roundðxÞ is used to

round elements of x to the nearest integer as:

x
ðkþ1Þ
jHSOS ¼ round x

ðkþ1Þ
jHSOS

� �
j ¼ 1; . . .;M ð19Þ

Integration of the HSOS Algorithm
into the Proposed Problem

In the proposed formulation, the number of switches to be

opened to maintain a feasible radial configuration and the

capacitors units that should be placed in the candidate

buses are considered as control variables. So, control

variables are integer numbers; the length of control vari-

ables is the sum of the number of tie switches and the

number of buses that are candidates for capacitor place-

ment as:

Ncv ¼ NL þ Nbusc ð20Þ

where Ncv is the number of control variables; NL is the

number of tie switches; and Nbusc is the number of network

buses that are candidates for capacitor placement (equal to
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the number of network buses minus the slack bus). The

number of tie switches is obtained as follows (Sedighiza-

deh et al. 2013):

NL ¼ Nbr � Nbus þ 1 ð21Þ

where NL is the number of tie switches; Nbr is the total

number of network branches; Nbus is the number of net-

work buses.

In order to shed light on the problem, we focus on the

33-bus test system that will be studied in section ‘‘Simu-

lation results’’. In the first step, loop and capacitor vectors

should be identified. In the proposed algorithm, each loop

vector consists of switches that form a loop in the network.

In other words, the number of loop vectors is equal to the

number of fundamental loops or tie switches. In the 33-bus

test system, the number of fundamental loops or loop

vectors is five. Each loop vector is specified with its section

numbers as (see the one-line diagram in Fig. 2):

Loop vector 1¼ S2; S3; S4; S5; S6; S7; S18; S19; S20; S33½ �
ð22Þ

Loop vector 2 ¼ ½S8; S9; S10; S11; S21; S33; S35�
ð23Þ

Loop vector 3 ¼ ½S9; S10; S11; S12; S13; S14; S34�
ð24Þ

Loop vector 4 ¼ ½S3; S4; S5; S22; S23; S24; S25;
S26; S27; S28; S37�

ð25Þ

Loop vector 5 ¼ ½S6; S7; S8; S15; S16; S17; S25; S26; S27;
S28; S29; S30; S31; S32; S34; S36�

ð26Þ

To define the capacitor vector for a bus, six discrete

sizes of capacitors as 300, 600, 900, 1200, 1500, and 1800

kVAr are used, according to Sedighizadeh et al. (2014) and

Chang (2008), to be placed at selected buses. Then, the

capacitor vector for each bus that is a candidate for

capacitor placement becomes:

Capacitor vector ¼ 0; 300; 600; 900; 1200; 1500; 1800½ �
ð27Þ

The number of tie switches and buses for capacitor

placement is 5 and 32, respectively (the slack bus is

excluded from capacitor placement). Then, the length of

decision vector is 37. For example, if an organism in the

HSOS algorithm leads to the decision vector of x ¼ ½4; 8;
34; 25; 16; 0; 300; 0; 600; 900; 0; . . .; 0; 1200; 300�,
it means that switch 4 from loop 1, switch 8 from loop 2,

switch 34 from loop 3, switch 25 from loop 4, and switch

16 from loop 5 should be open (see the one-line diagram in

Fig. 2). In addition, this decision vector means that

capacitors should be installed as 300 kVAr at bus 2, 600

kVAr at bus 4, 900 kVAr at bus 5, 1200 kVAr at bus 31,

and 300 kVAr at bus 32.

The HSOS algorithm is applied to the problem of the

multi-objective network reconfiguration and capacitor

placement as follows. The flowchart of this algorithm is

also depicted in Fig. 3.

1. Supply input data including initial network config-

uration, line impedances, total number of fundamen-

tal loops and capacitor vectors for each bus, number

of switches in each loop, number of organisms

(ecosystem size), termination criteria, and internal

parameters of the algorithm (BF1;BF2; c1; c2;w).

2. Generate the initial ecosystem. For initialization of

each individual, one switch from each fundamental

loop or loop vector is randomly chosen to open and

one capacitor from the capacitor vector is randomly

placed; set the counter i ¼ 1.

3. Check the radiality of the network and all loads being in

service for each individual. If the network is not radial

or at least one load has been isolated, the value offitness

function is considered zero for that individual.
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Fig. 2 One-line diagram of the

Baran and Wu 33-bus

distribution test system
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4. Execute a load flow. The value of the fitness function

(lf ) is calculated using the results of distribution

load flow for each radial structure according to (7).

5. Determine the best organism (Xbest).

6. Select randomly one organism Xj.

7. Modify organism Xi (Xj 6¼ Xi) based on their mutual

relationship according to (12) and (13). BF1 and BF2

are chosen randomly as 1 or 2.

8. Calculate the overall fuzzy satisfaction for new Xi

and Xj. If the modified organisms have a better

fitness than the previous one, replace the previous

one with the modified organisms. Otherwise, reject

them.

9. Randomly select one organism Xj, where Xj 6¼ Xi.

10. Modify organism Xi using organism Xj according to

(14).

11. Calculate the overall fuzzy satisfaction for new Xi. If

the modified organisms have a better fitness than the

previous one, replace the previous one with the

modified organisms. Otherwise, reject them.

12. Randomly select one organism Xj, where Xj 6¼ Xi.

13. Create a parasite (P_V) from organism Xi.

14. Calculate the overall fuzzy satisfaction for the new

Xi. If P_V has a fitness better than organism Xj,

replace organism Xj with P_V. Otherwise, keep

organism Xj and remove P_V.

15. If i is equal to the length of ecosystem size, go to the

next step; otherwise, i ¼ iþ 1 and go to step 3.

16. Calculate the best solution of each organism (pbestj)

and the best global solution (gbest).

17. Calculate new candidates according to (17) and (18).

18. Check the termination criterion. If the overall fuzzy

satisfaction is almost fixed and converged to a value

or the number of iterations reached the predefined

maximum number, stop the algorithm. Otherwise, go

to step 3.

Simulation Results

In order to evaluate the performance of the proposed

algorithm, two case studies consisting of a balanced 33-bus

network and an unbalanced 25-bus distribution system are

investigated and their numerical results are compared with

those of other algorithms such as PSO and IPSO. The

algorithm is implemented in MATLAB on a PC with

2.67 GHz CPU and 2 GB RAM. Table 1 presents param-

eters of the HSOS algorithm that are experimentally

selected for simulations. These parameters are already

described in previous sections.

Case Study 1: the 33-bus Balanced Test System

The Baran and Wu’s (Srinivasa Rao et al. 2011) distribu-

tion test system was used as the first case study with 3

feeders, which is shown in Fig. 2. The system has 32

sectionalizing switches (normally closed), 5 tie switches

(normally open), and 37 branches. The total real and

reactive power loads in the base case (before reconfigura-

tion and capacitor placement) are 3715 kW and 2300

kVAr, respectively. Objective functions including total

power losses, VDI, and LBI in the base case configuration

Enter network data and HSOS parameters

Generate the ini�al ecosystem randomly

Check the radiallity of the network and whether 
all loads are in service for each organism

Radiallity and all loads                   
in-service sa�sfied?

Set fitness 
func�on to 

zero

Perform load flow and evaluate the 
fitness func�on for each organism

No

Yes

Consider the first organism

Determine the best organism Xbest

Apply mutualism operator

Are the modified organisms 
fi�er than the previous?

Update the previous organism with  
the modified organisms

Yes

Apply commensalism operator

Are the modified organisms 
fi�er than the previous?

Apply parasi�sm operator

Is Parasite-Vector fi�er           
than organism Xj?

Replace organism Xj 
with Parasite-Vector

Last organism? Next 
organism

the modified organisms

Yes

Yes

No

Determine the best solu�on of each 
organism and the global best solu�on
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End
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Fig. 3 Flowchart of the proposed HSOS algorithm
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of the network are obtained as 202.67 kW, 0.0869, and

0.1575, respectively. It is noted that these results may

slightly differ from literature works due to different con-

vergence tolerance, type of power flow utilized, and branch

impedances.

In the first step, the three objective functions are sepa-

rately optimized and their results are shown in Table 2.

Regarding statistical characteristic of the HSOS algorithm,

the results were reported after 50 times of running the

proposed and other algorithms and afterwards, the best

solution, worst solution, average, and standard deviation

for each algorithm are reported in Table 2. It can be seen

that different methods and objectives have resulted in

various configurations of switches and as a result, power

losses, the VDI, and LBI become different.

According to Table 2, in the case of power losses

minimization, the proposed HSOS method eventuated in

five open switches of 7, 11, 14, 32, and 37 and installed

capacitors of 300 kVAr installed in nine buses of 2, 4, 11,

13, 18, 24, 28, 29, and 30. This configuration leads to the

power losses of 92.57 kW, which is the best achievable

value among the reported values of Table 2 when power

losses are minimized. According to this table, the proposed

method had the CPU time of 5.875 s which was the

shortest time among reported values of the table (when f1 is

minimized). In case of f2 ¼ VDI minimization, the con-

figuration with the proposed HSOS method was the open

switches of 7, 9, 34, 36, and 37 along with total rating of

capacitors as 5400 kVAr installed at buses reported in

Table 2. In this case, regarding the goal of minimization of

VDI, the proposed method has chosen more capacitors to

increase bus voltages and minimize VDI. Table 2 shows

also that the HSOS method has the best performance for

the case of LBI minimization. According to this table, the

best solution for this case study was the LBI of 0.0282 and

CPU time of 5.675 s, which are the best solutions among

the values shown in Table 2 with that objective function.

As a result, the comparison presented in this table validates

the performance of the proposed HSOS method compared

with other methods.

Results obtained by optimizing the multi-objective

fitness function in the 33-bus test system are shown in

Table 3. The value obtained in the multi-objective case

by the proposed HSOS algorithm for objective functions

is 100.05 kW for power losses, 0.0383 for VDI, and

0.0466 for LBI; these values are the most optimal values

of all algorithms as seen in the table. In addition, the

resulted open switches and installed capacitors differs

from the previously pointed single objective solutions in

Table 2 implying that the multi-objective optimization of

joint reconfiguration and capacitor allocation offers a

solution in which all objective functions are simultane-

ously optimized.

As seen in Table 3, the proposed multi-objective

method resulted in a better voltage deviation. In order to

observe the resulted voltage status of the network more

precisely, voltage profile before and after reconfiguration

and capacitor allocation using the HSOS is depicted in

Fig. 4. In fact, the proposed method has improved the

weakest bus voltage as motivated by the VDI objective

function. It is worth noting that the weakest bus voltage of

a power system can be its Achilles heel as the starting point

of voltage collapse; consequently, the whole power system

voltage condition is improved by strengthening the weakest

voltage. This process happened in the proposed method

where the minimum voltage of 0.9127 pu (at bus 18) at the

base case is improved to 0.9541 pu after applying the

method. In this figure, the voltage of bus 0 (slack) of the

test system connected to the upstream grid is kept at 1 pu,

as illustrated in Fig. 4. Also, buses 1 and 18 have similar

voltages because bus 1 was close to the slack bus (shown in

Fig. 2) and bus 18 enjoyed the similar voltage of bus 1 as a

result of the small impedance of branch 1-18.

In Fig. 5, branch current profiles before and after opti-

mal joint reconfiguration and capacitor placement in the

33-bus test system are depicted. As seen, branch loadings

are more uniform and has a smaller standard deviation after

optimization. This happens because of the LBI objective

functions in (5) that tries to more uniformly distribute

currents among branches. Since this network has 5 tie

switches, the number of open switches (out of 37 switches

in Fig. 2) should be 5. As seen in Fig. 5, there are 5 open

switches in the base case on branches 33-37 with zero

current (on the circled curve). However, the open switches

after optimal reconfiguration and capacitor placement (on

the squared-curve) are located on five branches of 7, 10, 14,

32, and 37.

In Fig. 6, the convergence of the proposed multi-ob-

jective method is illustrated against IPSO and PSO algo-

rithms. As seen in this figure, the HSOS algorithm has

converged after 33 iterations, a fact that emphasizes the

fast convergence of this algorithm. Furthermore, the HSOS

algorithm has quickly moved toward the optimal solution

as seen by the rapid increase in its fitness value. This

behavior implies its suitable ability in exploring new

regions in the search space. This capability was due to the

fact that the proposed algorithm had hybrid feature

strengthened by adding PSO capabilities as discussed in

(17) and (18) in subsection ‘‘The proposed HSOS

Table 1 Parameters of the HSOS algorithm for the studied test

systems

Test system Ecosystem size w c1 c2 Max iterations

Balanced 33-bus 30 1 0.6 0.6 50

Unbalanced 25-bus 30 1 0.6 0.6 100
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algorithm’’. As it is evident from the zoomed part in this

figure, the proposed HSOS method has resulted in a solu-

tion with a higher fitness than IPSO and PSO even with a

less number of iterations. This confirms the efficiency of

HSOS in optimal reconfiguration and capacitor placement

in the 32-bus test system.

Case Study 2: the 25-bus Unbalanced Test System

The second case study examined here is the 25-bus

4.16 kV unbalanced distribution system consisting of 24

sectionalizing switches (normally close) and 3 tie

switches (normally open). This test system is chosen to

evaluate the performance of the proposed method on

unbalanced networks. This system is depicted in Fig. 7

and its details of line and load data can be found in

Vulasala et al. (2009). Since this test system is unbal-

anced, an unbalanced load flow is used in the load flow

module of the proposed method in the flowchart of

Fig. 3.

In the base case (before reconfiguration and capacitor

placement), power losses are obtained as 150.13 kW and

minimum bus voltage in phases a, b, and c is 0.9284,

0.9283, and 0.9365 pu, respectively. The optimal solutions

Table 2 Results of optimizing individual objective functions by different method in the 33-bus test system

Optimized

objective

function

Method Best

solution

Worst

solution

Average Standard

deviation

Open

switches in

the best

solution

Size of capacitors

(kVAr) and their

location

Total

capacitors

(kVAr)

CPU

time

(s)

Min f1 ¼
Power

losses

(kW)

ACO (Sedighizadeh et al.

2014)

95.79 – – – 7, 9, 14, 32,

37

450 (28), 600 (20,

29)

1650 –

IBPSO (Sedighizadeh

et al. 2014)

93.06 – – – 7, 9, 14, 32,

37

300 (11, 24, 32), 600

(6, 29)

2100 –

MST ? GA (Montoya

and Ramirez 2012)

101.49 – – – – – – –

Simulated Annealing

(SA) (Su and Lee 2001)

124.29 – – – 7, 14, 9, 32,

37

1050 (6), 450 (28),

300 (29), 300 (30),

150 (9)

2250 –

Harmony Search

Algorithm (HSA)

(Srinivasa Rao 2010)

119.72 – – – 33, 14, 8,

32, 28

900 (6), 300 (28),

600 (29), 300 (30),

300 (9)

2400 –

Modified flower

pollination algorithm

(MFPA)

(Namachivayam et al.

2016)

101.77 – – – 7, 14, 9, 36,

37

200 (28), 200 (29),

550 (30)

950 –

PSO 95.38 98.24 96.27 1.27 7, 10, 14,

37, 36

300 (9, 10, 31), 600

(6, 29)

2100 6.247

IPSO 93.83 96.35 94.59 1.56 11, 28, 33,

34, 36

300 (5, 13, 32), 1200

(28)

2100 7.065

HSOS 92.57 94.37 93.01 1.11 7, 11, 14,

32, 37

300 (2, 4, 11, 13, 18,

24, 28, 29, 30)

2700 5.875

Min f2 ¼
VDI

PSO 0.0305 0.0415 0.0355 0.0145 7, 11, 28,

34, 36

300 (9, 14, 19, 25),

600 (28), 900 (31)

2700 6.984

IPSO 0.0234 0.0354 0.0286 0.0137 7, 9, 34, 36,

37

300 (1, 9, 14, 15, 20,

22, 32), 1500 (28),

600 (29)

4200 7.168

HSOS 0.0138 0.0265 0.0189 0.0124 7, 9, 34, 36,

37

300 (1, 9, 14, 15, 20,

22, 32), 1200 (23),

1500 (28), 600

(29)

5400 5.546

Min f3 ¼
LBI

PSO 0.0890 0.1123 0.1035 0.0121 7, 32, 34,

35, 37

300 (7), 600 (29,

31), 900 (32)

2400 6.342

IPSO 0.0303 0.0465 0.0354 0.0117 11, 33, 34,

36, 37

300 (25, 26, 27), 900

(16, 32)

2700 7.167

HSOS 0.0282 0.0374 0.0325 0.0103 11, 33, 34,

36, 37

300 (25, 26), 900

(16, 32)

2400 5.675
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as a result of individually optimizing objective functions of

total power losses, bus voltage violation, and load bal-

ancing are presented in Table 4. In optimizing objective

function f2 ¼ VDI, the worst phase voltage is reported in

the table. As seen in this table, the proposed HSOS

algorithm has shown a better performance than other

algorithms listed in the table when each objective function

is optimized individually.

Table 3 Results of optimizing the multi-objective fitness function in the 33-bus test system

Method Power losses

(kW)

VDI LBI Opens witches Size of capacitors (kVAr) and their

location

Total capacitors

(kVAr)

CPU Time

(sec)

Base

case

202.67 0.0869 0.1575 33, 34, 35, 36,

37

– – –

PSO 102.06 0.0575 0.0473 7, 11, 34, 37,

36

300 (16, 25, 30, 32), 600 (1, 5) 2400 6.752

IPSO 101.11 0.0466 0.0469 7, 10, 14, 37,

36

300 (11, 17, 25), 600 (28, 32), 900 (2) 3000 7.225

HSOS 100.05 0.0383 0.0466 7, 11, 34, 37,

36

300 (16, 25, 30, 32), 600 (1, 2, 5) 3000 5.476
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Results ofmulti-objective optimization for the 25-bus test

system are shown in Table 5. As seen, the HSOS algorithm

eventuated in better values for objective functions: power

losses are obtained as 97.23 kW which is much better than

others. Although the HSOS algorithm has resulted VDI

values a bit larger than others, its compromised solution

satisfies all objective functions in a better way.

In order to have a closer look at voltages of the 25-bus

test system, they are plotted in Fig. 8 for all phases. As

seen, bus 12 has the least voltage in all phases after

applying the proposed method: phase voltages of this bus

as specified in the figure by data tips are 0.9647, 0.9634,

and 0.9727 pu for phase a, b, and c, respectively. There-

fore, the proposed method elevated base case voltage

profile of phases above the minimum threshold of 0.95 pu.

The convergence behavior of HSOS, IPSO, and PSO

algorithms are depicted in Fig. 9. As seen, the HSOS has

converged to the fitness function of 0.792 in iteration 67.

However, IPSO and PSO algorithms have converged to a

smaller fitness value even with higher number of iterations.

This result confirms the efficiency of the HSOS algorithm

in getting a more optimal solution (a better exploration) in

a faster time. In Fig. 9, although the IPSO algorithm con-

verges to a local optima in iterations 22 to 42, it moves

toward its ultimate fitness by continuing iterations; how-

ever, the HSOS offers a faster trend and a better fitness in

getting its optimal solution.

Conclusions

In this paper, the HSOS optimization algorithm is intro-

duced as a result of strengthening the original SOS algo-

rithm with capabilities of the PSO algorithm and then, it is

Table 4 Results of optimizing individual objective functions in the 25-bus unbalanced test system

Optimized

objective

function

Method Best

solution

Worst

solution

Average Standard

deviation

Open switches

in best solution

Size of capacitors

(kVAr) and their

location

Total

capacitors

(kVAr)

CPU

time

(s)

Min f1 ¼
Power losses

(kW)

PSO 146.54 149.06 147.62 1.56 20, 17, 15 300 (5), 600 (3) 900 8.345

IPSO 124.36 125.34 124.87 0.56 5, 11, 3 300 (10, 8), 600 (7) 1200 10.065

HSOS 91.54 92.07 91.75 0.34 22, 17, 15 300 (3, 10), 600 (7) 1200 9.723

Min f2 ¼ VDI PSO

(phase

c)

0.0293 0.0313 0.0301 0.001 22, 17, 15 300 (5, 7), 600 (3) 1200 7.456

IPSO

(phase

c)

0.0197 0.0224 0.0214 0.001 22, 17, 15 300 (5, 7), 600 (3) 1200 9.567

HSOS

(phase

b)

0.0133 0.0179 0.0159 0.002 20, 17, 15 300 (5, 8), 900 (14) 1500 9.453

Min f3 ¼ LBI PSO 0.0472 0.0534 0.0501 0.0038 20, 17, 15 300 (5, 7, 10, 11) 1200 9.324

IPSO 0.0431 0.0523 0.0476 0.0054 22, 17, 15 600 (3, 5) 1200 10.261

HSOS 0.0323 0.0421 0.0375 0.0036 5, 11, 13 300 (10, 6), 600 (19) 1200 9.234

Table 5 Results of multi-objective optimization in the 25-bus unbalanced test system

Method Power

losses(kW)

Minimum

voltage phase

a(p.u.)

Minimum

voltage phase

b(p.u.)

Minimum

voltage phase

c(p.u.)

LBI Open

switches

Capacitors

and their

buses

Total

capacitor

(kVAr)

CPU

Time

(s)

Base

case

150.13 0.92841 0.92837 0.93657 0.10095 25, 26,

27

– – –

PSO 110. 45 0.96012 0.95328 0.96219 0.04776 20, 17,

15

300 (5), 600

(9)

900 10.345

IPSO 109.43 0.96155 0.95321 0.96189 0.04698 5, 11,

13

600 (5,7) 1200 11.265

HSOS 97.23 0.96238 0.95426 0.96356 0.04662 25, 17,

5

900 (9) 900 11.456
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applied to solve the problem of multi-objective reconfigu-

ration and capacitor placement in electric distribution

systems. The considered objectives include the minimiza-

tion of total network real power losses, minimization of bus

voltage violations, and load balancing in feeders. Each

objective function is transformed into the fuzzy domain by

a membership function to constitute the ultimate fuzzy

fitness function. In addition to the HSOS, PSO and IPSO

algorithms are also implemented in the paper to evaluate

the performance of the HSOS algorithm. The main con-

tributions of this paper include to strengthen the SOS

algorithms by PSO capabilities, to scale the objective

functions through a fuzzy operator, to apply the proposed

HSOS and fuzzy operator for solving the problem of

optimal reconfiguration and capacitor allocation, to

implement and discuss it on the 25-bus unbalanced test

system. The proposed method was tested on two case

studies of 33-bus balanced and 25-bus unbalanced test

systems in both single and multi-objective optimizations.

In the first case study, the HSOS showed a better perfor-

mance than other algorithms of PSO, IPSO, ACO, IBPSO,

and MST ? GA. Also, the proposed HSOS method con-

verged in 33 iterations, which was faster than 37 and 44

iterations of IPSO and PSO algorithms, respectively. Also,

the HSOS algorithm in the second case study converged to

the fitness of 0.792 in 67 iterations, which was more effi-

cient than both IPSO with 72 iterations and fitness of 0.758

and PSO with 91 iterations and fitness of 0.768. The reason

why the HSOS method is capable of exploring its solution

with less iterations could be attributed to its improved

exploration that is strengthened with PSO capabilities. In

the electricity markets, distribution companies try to reduce

the investment and utilization costs and to enhance the

system efficiency in delivering power to customers. The

results of this paper can help them to plan and operate their

networks more efficiently. Considering a fixed load level,

i.e. the medium loading, is the main limitation of the cur-

rent paper. It is clear that the load level is continually

changing due to varying consumer power. Therefore, the

optimal switch and capacitor arrangement is altered due to

change in load level at each instant. Therefore, adding the

stochastic behavior of load to the proposed method, which

is underway in our future research, can enhance its

efficiency.
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