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ABSTRACT
Optimization of power distribution system recon-

figuration is addressed as a multi-objective problem,
which considers the system losses along with other
objectives, and provides a viable solution for improve-
ment of technical and economic aspects of distribu-
tion systems. A multi-objective chaotic fractional
particle swarm optimization customized for power
distribution network reconfiguration has been applied
to reduce active power loss, improve the voltage
profile, and increase the load balance in the system
through deterministic and stochastic structures. In
order to consider the prediction error of active and
reactive loads in the network, it is assumed that
the load behaviour follows the normal distribution
function. An attempt is made to consider the load
forecasting error on the network to reach the optimal
point for the network in accordance with the reality.
The efficiency and feasibility of the proposed method
is studied through standard IEEE 33-bus and 69-bus
systems. In comparison with other methods, the
proposed method demonstrated superior performance
by reducing the voltage deviation and power losses.
It also achieved better load balancing.

Keywords: Chaotic Fractional PSO, Multi-
Objective Reconfiguration, Deterministic and Sto-
chastic Structures, Loss Reduction, Voltage Profile
Improvement

1. INTRODUCTION
In recent decades, many electrical engineering

researchers have been focusing on distributed power
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generations and microgrid resilience enhancement
and control, which are predicated on renewable power
sources [1–15]. In a radial distribution network,
some switches are normally open (NO) and some
others are normally closed (NC). As the mode of
these switches changes, the network maintains its
radial structure and provides all loads simultaneously.
The power distribution procedure in distribution
networks can be changed so that several technical
and economic objectives could be achieved. These
objectives include power reduction, voltage profile
improvement, feeder load balancing, etc. The main
goal is to find the optimal point for the network by
considering the load forecasting error of the network,
and also taking into account all constraints and
assumptions.

One of the deficiencies found in previous research
and studies was that they were focusing on only one or
two objectives in reconfiguration, such as reducing the
power losses [1] or increasing load balance [2, 3]. In
[4], as a part of a new compilation, a method based on
the simulated annealing and tabu search algorithms
was presented. The reconfiguration scenario is
used to reduce the power losses in distribution
networks. A modified genetic algorithm was also
presented in [5] to reduce the network ohmic losses
in the distribution network. In [6], an exploratory
method based on graph theory techniques including
semi-sparse flow-sensitive matrix transmission was
used to find the optimal point of the distribution
network in terms of active power loss reduction. In
[7], an online method is investigated to solve the
Distribution Feeder Reconfiguration (DFR) problem.
A new method based on optimal load distribution
for solving the DFR problem using an innovative
algorithm is also proposed in [8]. In this paper, a
heuristic method was used based on load distribution
to use reconfiguration for network loss reduction. In
[9], a new optimization-based method is presented
to observe the effect of distributed products on
the DFR problem. In [10], a new approach
based on evolutionary programming was presented
to provide optimal reconfiguration management to
reduce network loss. A new approach based on
an artificial neural network was proposed in [12]
to solve the DFR problem. In [13], the DFR



44 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.19, NO.1 FEBRUARY 2021

strategy was proposed to reduce the amount of power
loss by reducing the ohmic losses in the network.
In [14], an intelligence optimization method based
on innovative patterns is proposed to reduce the
search field of the DFR problem and then search for
optimal resolution. A method based on the distance
measurement technique was proposed in [15] to
explore the effect of the DFR problem for increasing
load balancing in the system. Particle Swarm
Optimization (PSO) algorithm was first introduced
as a model of local movement for a group of animals.
It has been implemented well on a variety of problems
[16, 17]. The algorithm contains a swarm of particles,
in which each individual can be an optimal response
to the problem under optimization. Since fractional
calculus-based evolutionary algorithms have proved
their highly desirable performance in various engi-
neering applications [18–20], a modified version of the
Fractional PSO algorithm (FPSO) [18] is proposed
and used in this study, with chaotic fractional velocity
to promote best-performing particles and improve
global optimality.

Solving the DFR optimization problem has some
benefits such as reducing power loss, correcting load
balances, improving the voltage profile, etc. The au-
thors in [21] have attempted to obtain a fuzzy power
dissipation solution by considering the exceeding
limit of reactive power at the voltage-controlled bus,
the uncertainties in voltage-dependent load models,
load forecasting, and system parameters. A powerful
tool for solving nonlinear equations was introduced
in [22]. In this paper, a multi-layer perceptron neural
network trained by the second-order Levenberg-
Marquardt method was used to calculate the size
and angle of the power distribution voltage in the
IEEE 33-bus standard system. An artificial neural
network approach based on Lagrange multiplication
was proposed in [23] to solve the problem of the
economic load distribution in the power system.

The purpose of this study is to investigate and
present a suitable method for determining the best
structure for power distribution networks by using a
network reconfiguration strategy to increase network
loading capacity. Considering the multiplicity of the
problem and the interaction of objective functions,
this study uses the Pareto point’s theory for objective
function management. To reduce the active power
loss, improve the voltage profile, and increase the load
balance in the system through deterministic and sto-
chastic structures, a multi-objective chaotic fractional
PSO is proposed and utilized for power distribution
network reconfiguration. In addition, in order to
consider the prediction error of active and reactive
loads in the network, it is assumed that the load
behaviour follows the normal distribution function.
Single-objective and multi-objective reconfigurations
are applied on 33-bus and 69-bus standard test
systems with deterministic and stochastic structures

to show the efficiency of the proposed optimal
method.

The rest of the paper is organized as follows. In
Section 2, the proposed chaotic fractional particle
swarm optimization algorithm is described. Sec-
tion 3 expresses the formulation of the problem
with constraints and objective function, and a
method for obtaining fuzzy interactions is introduced.
Simulation results on the 33-bus and 69-bus standard
test systems in single-objective and multi-objective
modes have been evaluated in Section 4. Finally,
the paper ends with Section 5 which gives over
conclusions.

2. CHAOTIC FRACTIONAL PARTICLE
SWARM OPTIMIZATION
The fractional particle swarm optimization al-

gorithm was introduced in [18] as a local search
algorithm for a fractional memetic algorithm. If xi(t)
is the position of the ith particle at time t, the position
of the particle is expressed as

xi(t+ 1) = xi(t) + vi(t+ 1) (1)
For each particle i the velocity consists of three

components: the cognitive component, which is
derived from the best position ever experienced by
particle i; the social component, which is derived from
the position of the best particle that particle i is aware
of; and the inertia component, which results from
the previous speed of the particle. All particles are
evoked by the social component that results from the
position of the best particle in the whole population.
This component is y(t) and calculates the fractional
velocity as

v(t+ 1) = αv(t) + 1
2α(1− α)v(t− 1)

+ 1
6α(1− α)(2− α)v(t− 2)

+ 1
24α(1− α)(2− α)(3− α)v(t− 3)

+ ϕ1(t)(Pbest − xi) + ϕ2(t)(Gbest − xi)
(2)

where v(t) is the fractional velocity of particle i in
the j dimension at time t. Parameters α, ϕ1(t) =
r1(t)c1(t) and ϕ2(t) = r2(t)c2(t) are the inertia
weight, individual training coefficient and the global
training coefficient, respectively, which are used to
set up cognitive and social components. Parameters
r1(t) and r2(t) are random numbers with intervals
of (0,1), and c1(t) and c2(t) are predefined constant
values.

In this paper, chaotic sequences are employed
in determining r1(t), r2(t), c1(t), and c2(t), four
parameter settings of the FPSO algorithm, to
enhance exploitation capability which is called the
CFPSO algorithm. These sequences are given as
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r1(t) = ρ · r1(t− 1) · [1− r1 (k − 1)]
r2(t) = ρ · r2(t− 1) · [1− r2 (k − 1)]
c1(t) = ρ · c1(t− 1) · [1− c1 (k − 1)]
c2(t) = ρ · c2(t− 1) · [1− c2 (k − 1)] (3)

where ρ is a control parameter 0 ≤ ρ ≤ 4. r1(t), r2(t),
c1(t), and c2(t) are deterministic chaotic sequences
distributed in the range (0,1), displaying chaotic
dynamics when ρ = 4. Note that (r1(0), r2(0), c1(0),
c2(0)) /∈ (0,0.25,0.5,0.75,1).

3. PROBLEM DESCRIPTIONS

3.1 Objective Function

The objective function is used to reduce total
ohmic loss given as

f1(X) = Ploss =
Nbr∑
i=1

Ri × |Ii|2 (4)

where Ri is the strength of ith branch. Ii is the
flow of ith branch. Nbr is the number of branches in
the network. X is the control vector, which includes
the status of the divider switches and the connector
switches of the network as

X = [Tie1, T ie2, ..., T ieNT ie
, SW1, SW2, ..., SWNsw

]
(5)

where Tie1 is the ith Tie switch position and SW1
is ith divider switch position. NT ie is the number
of connector switches in the network and Nsw is
the number of divider switches in the network. It’s
obvious that the number of Tie1 can range between 0
and 1 which illustrates open and closed modes. The
voltage deviation function given in Eq. (6) is used to
reduce the voltage deviation in the network.

f2(X) = dev(X) = max [|1− Vmin| , |1− Vmax|] (6)

where Vmin and Vmax denote the lowest and highest
voltages, respectively. The objective function given
in Eq. (7) is defined to increase the load balance of
the network.

f3(X) = Balance(X)

= −min
i

∣∣∣∣Ii,rate − Ii

Ii,rate

∣∣∣∣ ; i = 1, 2, 3, ..., Nbr (7)

where Ii,rate is the rated capacity of ith line, and Ii

is the current of ith line.

3.2 Problem Constraints
The security of the optimal power flow is pledged

by respecting the following restrictions.
a) The bus voltages limits are defined as

V min
i < V t

i < V max
i (8)

where V min
i and V max

i denote the minimum and
maximum voltages at bus i, respectively.

b) The maximum permissible load distribution per
line is limited by∣∣SLine

ij

∣∣ < SLine
ij,max (9)

where SLine
ij,max is the maximum allowable complex

power passing through the branch between i and
j buses and SLine

ij is the amount of complex power
passing through the line between i and j buses.

c) The maximum permissible current of distribution
feeder is limited by∣∣It

i

∣∣ < Imax
i (10)

where Imax
i is the maximum permissible current

of distribution feeders.
The distribution load dispatch equations can

be considered as constraints in the optimization
problem, and are given as

Pi =
Nbus∑
i=1
|Vi| |Vj | |Yij | cos (θij − δi + δj)

Qi =
Nbus∑
i=1
|Vi| |Vj | |Yij | sin (θij − δi + δj) (11)

where Pi and Qi are the active and reactive powers
injected to ith bus, respectively. Vi is the voltage
range of ith bus. δi is the voltage angle of the ith bus.
θij is the admittance angle between the j and i buses.

3.3 Fuzzy Interactions
The purpose of this study is to investigate the

multi-objective DFR problem. In general, each
limited multi-objective function can be formulated as

minF = [f1(X), f2(X), ..., fn(X)]T (12)
s.t. gi(X) < 0; i = 1, 2, ..., Nueq

hi(X) = 0; i = 1, 2, ..., Neq

where gi(X) and hi(X) are non-identical and con-
strained. Nueq and Neq are numbers of inequality
and the inequality is constrained. A fuzzy interactive
satisfactory method is proposed, which allows the
operator to select the most optimal solutions from
the lower set. Thus, using the theory of the fuzzy
sets, Eq. (13) is obtained.
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Table 1: Single-objective reconfiguration of 33-bus system in deterministic structure.

Method No Load Flow Power Loss Voltage Minimum Open
(kW) (kW) Deviation Voltage Switches

GT [7] 139.551 139.53 0.0612031 0.93879681 7, 9, 14, 32, 37
MOS [8] 139.538 139.52 0.0612031 0.93879681 7, 9, 13, 32, 37
BF-SD [9] not provided 139.58 0.0612031 0.93879681 7, 9, 13, 22, 37
SPSO [10] not provided 139.45 0.0612208 0.93879681 7, 9, 14, 32, 38
BPSO [13] 139.68 139.53 0.0622809 0.93781902 7, 8, 14, 32, 37
MPSO [22] 139.57 139.50 0.0612763 0.93879681 6, 9, 12, 32, 37
CFPSO 139.16 139.11 0.0642750 0.93879046 7, 9, 14, 32, 37

Fig.1: 33-bus system with s7, s9, s14, s32, and s37
open switches.

F (X) = min
x∈Ω

{
max

i=1,...,n
|µref,i − µf,i(X)|

}
(13)

where µf,i(X) is the fuzzy membership function
fi(X). µref,i is the degree of satisfaction fi(X).
In this study, the trapezoidal membership function
is used as a membership function. Thus, at the
beginning of the optimization procedure, the operator
can set the value of µf,i(X) at intervals of 0, 1.

4. SIMULATION RESULTS
To investigate the effectiveness and performance

of the proposed method, IEEE 33-bus and 69-bus
radial distribution systems with 12.66 kV voltage level
are studied. Simulations for two single-objective and
multi-objective modes with two structures have been
implemented. The deterministic structure means no
randomness is involved. The stochastic structure uses
a random probability of distribution. The electric
load is an uncertain parameter in a deregulated
environment. In other words, an increase or decrease
of this parameter directly affects the system. It
is also assumed that the demand level is generally
distributed around its specified expected value [13].
It is worth-mentioning that all of the results are

Table 2: Single-objective load balance comparison
in 33-bus system in deterministic structure.

Method Load Balance Open Switches
BPSO [13] 0.354716540 7, 11, 14, 36, 37
MPSO [22] 0.351584602 7, 10, 14, 36, 37
CFPSO 0.343774159 7, 9, 14, 36, 37

Table 3: Multi-objective results of 33-bus system in
deterministic structure.

Method Power Loss Voltage Load Open
(kW) Deviation Balance Switches

BPSO 143.761 0.06266 0.4037 6, 9, 14, 36, 37
MPSO 142.739 0.06218 0.3653 7, 34, 11, 32, 37
CFPSO 139.53 0.06524 0.3640 7, 9, 14, 32, 37

obtained using fixed voltages throughout the process,
where the values are considered from the load flow
solution of the network with all the switches closed.

4.1 Deterministic single-objective structure
for the IEEE 33-bus distribution system

In this section, a comparative study between the
performance of the proposed method and other recent
methods in deterministic single-objective structure
for the IEEE 33-bus distribution system is in-
vestigated. Fig. 1 illustrates the 33-bus system
reconfiguration with s7, s9, s14, s32, and s37 as open
switches. Table 1 demonstrates the single-objective
reconfiguration of a 33-bus system in deterministic
structure, where the “No load flow” column shows
the results achieved without the load flow method.
As can be seen in Table 1, the optimal solution
with regard to the power loss objective was found
by the proposed method augmented with the load
flow method. The load flow result illustrates the
active power loss attained from the load flow after
incorporating the algorithm result in the network.

According to Table 1, the proposed method is
the best solution for voltage profile optimization.
The initial voltage deviation of the system before
reconfiguration was 0.0869092 p.u. The simulation
results in Table 2 show that the CFPSO can bring
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Table 4: Single-objective reconfiguration of 69-bus system in deterministic structure.

Method No Load Flow Power Loss Voltage Minimum Open Switches
(kW) (kW) Deviation Voltage

Initial network 233.384 225.0 0.079684 0.9092 11, 13–15, 17–21, 50, 57–65
GT [7] 105.37 102.6 0.051362 0.9321 11, 13–15, 18, 45–49, 57–65
MOS [8] not provided 102.1 0.051362 0.9324 11, 13–15, 50, 58–65
BF-SD [9] not provided 106.6 0.051362 0.9322 11, 17–18, 27–31, 49, 56–58
SPSP [10] 102.41 99.62 0.051362 0.9425 11, 13–19, 22–24, 49–51, 56–65
HAD [12] 102.39 99.62 0.051362 0.9420 11, 13–19, 22–25, 50–51, 57–58
CFPSO 101.84 99.04 0.054535 0.9428 11, 13–21, 58–59, 61–62
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Fig.2: 33-bus IEEE network voltage improvement
before and after multi-objective reconfiguration.

a system load balance of 0.343774159, better than
0.354716540 and 0.351584602 obtained by BPSO [13]
and MPSO [21], respectively. It should be taken into
account that this amount of recovery of load balance
can only be achieved by reconfiguration, and it is a
significant success.

The load flow result illustrates the active power
loss attained from the load flow after incorporating
the algorithm result in the network.

4.2 Deterministic multi-objective structure
for the IEEE 33-bus distribution system

In this section, practicability and efficiency of
the proposed method in comparison with other
recent methods in a deterministic multi-objective
structure for the IEEE 33-bus distribution system is
investigated.

As shown in Table 3, power losses in BPSO and
MPSO are 143.76196 and 142.73916, respectively,
while it is 139.5343 in CFPSO, which shows the
better performance of the CFPSO. Also, the voltage
deviation using CFPSO is less than the other two
methods. The voltage equilibriums of 0.40372161
and 0.36531157 are obtained using BPSO and MPSO.
It is 0.364086 in CFPSO, which shows the more

Table 5: Single-objective feeder load balance com-
parison in 69-bus system in deterministic structure.

Method Load Balance Open Switches
BPSO 0.754449 11–43, 20–21, 46–15, 58–59, 64–65
MPSO 0.750760 39–40, 16–17, 45–46, 58–59, 62–63
CFPSO 0.745811 11–43, 13–21, 14–15, 50–59, 61–62

favorable performance of CFPSO. Considering Fig. 2,
it is clear that the 33-bus network voltage level
has been improved optimally after multi-objective
reconfiguration.

4.3 Deterministic single-objective structure
for the IEEE 69-bus distribution system

Similar to Section 4.1, this section investigates a
comparison between the performance of the proposed
method with other recent methods in deterministic
single-objective structure for the IEEE 69-bus dis-
tribution system. According to Table 4, the power
loss rate in the proposed method for single-objective
optimization of a 69-bus system in deterministic
structure is less than that of the other methods, which
indicates better and more desirable performance
by the proposed method. It should be noted
that the total power loss before reconfiguration was
212/67 kW.

According to the results illustrated in Table 4,
the proposed method has achieved the best solution.
The initial voltage deviation of the system before
reconfiguration was 0.079684 p.u.

The results shown in Table 5 indicate that the
proposed method can change the system load balance
from 0.5413236 to a better value of 0.74581189. It
should be considered that this amount of recovery of
the load balance can only be obtained by reconfigu-
ration, and the results also show the performance of
the proposed method with the value of 0.74581189 is
more desirable in comparison with BPSO with value
of 0.7544497 and MPSO with its value of 0.75076020.
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Table 6: Multi-objective reconfiguration of 69-bus system in deterministic structure.

Method Power Loss Voltage Load Open Switches
(kW) Deviation Balance

GA 115.944703 0.070062412 0.75367353 11–43, 13–21, 14–15, 58–59, 64–65
PSO 115.893236 0.058614557 0.74999069 11–43, 15–16, 15–46, 55–56, 62–63

CFPSO 104.750240 0.077260614 0.74810224 11–43, 20–21, 13–14, 58–59, 61–62
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Fig.3: 69-bus IEEE network voltage improvement
before and after multi-objective reconfiguration.

4.4 Deterministic multi-objective structure
for the IEEE 69-bus distribution system

Similar to Section 4.2, this section investigates a
comparison between the performance of the proposed
method with other recent methods in a deterministic
Multi-objective structure for the IEEE 69-bus distri-
bution system.

According to Table 6, a more desirable value for
load balance objective is obtained by the proposed
method (0.74810224) in comparison with BPSO and
MPSO with 0.75367353 and 0.74999069, respectively.
Considering Fig. 3, it is clear that the 69-bus network
voltage level has been improved after multi-objective
reconfiguration.

4.5 Stochastic single and multi-objective
structures for the IEEE 33-bus and 69-bus
distribution systems

In this section, 21 scenarios with high importance
and high probability are selected from the literature
[8,13,14]. Each scenario is applied on the network,
and each one finds a best answer. Each answer
has a probability, and each response is multiplied
by the probability of its occurrence and eventually
normalized.

According to Table 7, the power loss, voltage
deviation, and load balancing in the stochastic
structure are more optimal and lower than the
deterministic structure, which indicates its better

Table 7: Single-objective 33-bus system reconfig-
uration comparison in deterministic and stochastic
structures by fuzzy framework and CFPSO algorithm.

Framework Power Voltage Load
Loss Deviation Balance

Deterministic 139.11 0.0642750 0.3437741
Stochastic 139.5130 0.0642003 0.3437741

Max 141.8332 0.0652072 0.3453300
Min 138.9183 0.0611687 0.3437466
STD 0.631 0.0005312 0.0012000

Table 8: Multi-objective 33-bus system reconfig-
uration comparison in deterministic and stochastic
structures by fuzzy framework and CFPSO algorithm.

Framework Power Voltage Load
Loss Deviation Balance

Deterministic 139.53 0.06524 0.3640
Stochastic 139. 5343 0.0641479 0.364086

Max 140.6871 0.0645000 0.365800
Min 138.9184 0.0620000 0.363000
STD 0.4458 0.0001364 0.000672

performance. Table 8 compares the multi-objective
optimization results for stochastic and deterministic
structures in 33-bus system with CFPSO algorithm
and fuzzy framework. According to Table 8, power
loss, voltage deviation, and load balancing in the
stochastic structure are more optimal and lower
than deterministic mode, which indicates its better
performance.

As is observed from Table 9, similar to the
69-bus system, in comparison with deterministic
structure, objective functions are more optimal in
stochastic mode. Table 10 shows a comparison of
multi-objective power loss, voltage profile, and load
balance objective of a 69-bus system in deterministic
and stochastic structures using a fuzzy framework
and the CFPSO algorithm. According to Table 10,
better results of the objective function are achieved
in a stochastic structure than with a deterministic
structure.

5. CONCLUSIONS

In this paper, the problem of optimizing power
distribution system reconfiguration was addressed as
a multi-objective problem. The objective included
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Table 9: Single-objective 69-bus system reconfig-
uration comparison in deterministic and stochastic
structures by fuzzy framework and CFPSO algorithm.

Framework Power Voltage Load
Loss Deviation Balance

Deterministic 99.04 0.05453 0.745811
Stochastic 98.3656 0.05713 0.745757

Max 100.633 0.05780 0.750124
Min 97.4596 0.05671 0.742505
STD 0.8841 0.00032 0.002000

Table 10: Multi-objective 69-bus system reconfig-
uration comparison in deterministic and stochastic
structures by fuzzy framework and CFPSO algorithm.

Framework Power Voltage Load
Loss Deviation Balance

Deterministic 104.75024 0.07726061 0.7481022
Stochastic 104.921596 0.057263585 0.747727

Max 106.7702 0.058424530 0.752504
Min 103.5279 0.056845345 0.745345
STD 0.8640 0.0004 0.001907

the system losses together with voltage profile
improvement and load balancing in 33-bus and
69-bus standard IEEE systems. A multi-objective
chaotic fractional fuzzy particle swarm optimization
customized for power distribution network recon-
figuration has been proposed and applied with
deterministic and stochastic structures. In order to
model the forecasting error of active and reactive
loads and in order to reduce computer computations,
a scenario-based approach was proposed that initially
produced many scenarios by the roulette wheel, where
among them, 21 possible and different scenarios
were selected. To investigate the performance of
the proposed algorithm, a comparison with BPSO
[13] and MPSO [21] was performed. According
to Tables 1–10, it was observed that the proposed
method in deterministic structure mode in 33-bus
and 69-bus standard systems demonstrated superior
performance in reducing the voltage deviation and
power losses, as well as load balancing compared
to other methods in two single and multi-objective
modes.
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