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Abstract—This paper presents an optimal network
reconfiguration (ONR)/feeder reconfiguration (FRC) approach
by considering the total operating cost and system power losses
minimizations as objectives. The ONR/FRC is a feasible
approach for the enhancement of system performance in
distribution systems (DSs). FRC alters the topological structure
of feeders by changing the close/open status of the tie and
sectionalizing switches in the system. Apart from the power
received from the main grid, this paper considers the power from
distributed generation (DG) sources such as wind energy
generators (WEGs), solar photovoltaic (PV) units, and battery
energy storage (BES) units. The proposed multi-objective-based
ONR/FRC problem has been solved by using the multi-objective
crow search algorithm (MO-CSA). The proposed methodology
has been implemented on two (14 bus and 17 bus) distribution
systems with three feeders.
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NOMENCLATURE
𝑆𝑠𝑠

𝑚𝑎𝑥
𝑆𝑠𝑠

𝐼𝑓

𝐼𝑓𝑚𝑎𝑥
𝑣𝑟

Apparent power flowing through the substation
transformer
Maximum apparent power flowing through the
substation transformer
Current magnitude of feeder
Maximum current magnitude of feeder
Rated wind speed

𝑃𝐵𝐶ℎ

Battery charging power

𝑃𝑇𝐷𝑒𝑚𝑎𝑛𝑑

Total power demand in the system

𝑃𝐵𝐷𝑖𝑠𝑐ℎ

Battery discharging power

𝑃𝑇𝑙𝑜𝑠𝑠

Total power losses in the system

𝑣𝑐𝑜
𝑟
𝑃𝑊

𝑟
𝑃𝑃𝑉

𝐺𝑐

𝑣𝑐𝑖

𝐺𝑠𝑡𝑑
(1000

Cut-out wind speed
Rated power of wind turbine (WT)
Rated solar PV power output
Certain solar irradiation (say 150 W/m2)
Cut-in wind speed
Solar irradiation at standard test environment

W/m2)
𝐶𝑖
grid)
𝑃𝑖
grid)

Cost of power from the ith feeder (from the main
Power output from the ith feeder (from the main

𝐶𝑊𝑗

Cost of power from the jth wind energy generator

𝑃𝑊𝑗

Power output from the jth WEG

𝐶𝑃𝑉𝑘

(WEG)
Cost of power from the kth solar PV unit

𝑃𝑃𝑉𝑘

Power output from the kth solar PV unit

𝑃𝐵𝑏

Power output from the bth battery storage unit

𝐶𝐵𝑏
𝑁𝐹

𝑁𝑊

Cost of power from the bth battery storage unit

Number of feeders
Number of WEGs

𝑁𝑃𝑉

Number of solar PV units

𝑁𝐵𝑢𝑠

Number of buses

𝑁𝐵

Number of battery storage units

I.

INTRODUCTION

Generally, the power losses in the distribution network are
significantly high compared to those in the transmission
system due to the high resistance/reactance (R/X) ratio.
Distribution systems (DSs) operate at high currents and low
voltages which lead to high power loss and poor voltage
profile. Another reason is due to the radial topology of
distribution systems when compared to transmission systems
[1]. The requirement of enhancing the overall efficiency of
power delivery has forced the power utilities to reduce the
losses at the distribution level. Many arrangements can be
worked out to reduce these losses such as feeder
reconfiguration (FRC)/optimal network reconfiguration
(ONR), shunt capacitor switchings, etc. The FRC or ONR is
the process of changing the topological structure of feeders by
varying the positions of tie/sectional (generally open/closed)
switches [2]. For a fixed network configuration of a
distribution system with varying load conditions, it is
observed that the power losses are not optimum. FRC/ONR
has several advantages, such as managing network
overloading, voltage profile improvement, optimization of
system power losses and system operating cost, restoration of
service during feeder faults, and system maintenance through
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planned outages. Therefore, there is a pressing requirement for
the ONR/FRC to optimize system power losses and relieve
network overloading. Recently, the electricity demand is
rapidly increasing due to population exploitation and
urbanization. Conventional electricity generation utilizes fossil
fuels. But, the overutilization of fossil fuels causes depletion
of fuels and affects the environment [3]. To overcome these
issues, this work utilizes renewable energy resources (RERs),
such as wind energy generators (WEGs), solar PV units, and
battery energy storage (BES) units.
An ONR approach by considering the power loss
minimization and improvement of voltage profile has been
proposed in [4]. In [5] proposes the ONR approach by
optimally allocating distributed generation (DG) and soft open
points simultaneously. In [6] proposes an ONR and phase
balancing methodology for minimizing the power losses in
conventional distribution systems (DSs) and microgrids (MGs)
using the particle swarm optimization (PSO) algorithm.
Optimal DG allocation and ONR have been presented in [7] to
improve the loss profile and voltage stability of the radial
distribution systems (RDSs) considering the DGs and
probabilistic loads which are operated at varying power
factors. An optimal multi-criterion of FRCs with solar PV and
wind-based RERs using the weight factor approach
considering the reliability has been proposed in [8]. An
optimal dispatching and control of all hybrid MG sources such
as conventional generators, RERs, demand-manageable loads,
and energy storage system have been presented in [9]. In [10]
proposes an ONR of DSs under a multi-objective optimization
(MOO) model to minimize power losses and to enhance the
reliability of DSs. A MOO based on ONR in parallel with
renewable DGs allocation and sizing for optimizing the active
power loss, annual operation costs (maintenance, installation,
and active power loss costs), and emissions have been
proposed in [11]. A mixed PSO technique for the
minimization of active power loss and the enhancement of
voltage profile in the DS has been proposed in [12]. A
multiscale formation generation problems are introduced and
solved as the generalizations in 13].
From the above literature review, it can be observed that
there is a pressing requirement for simultaneously optimizing
the total operating cost (TOC) and power loss minimization
objectives in the RDS using the ONR/FRC. Optimal FRC
alters the feeder topological structure by changing the
close/open status of the tie switches and sectionalizing in the
system [14, 15]. Apart from the power received from the main
grid, this paper considers the power from the DG units such as
wind energy generators (WEGs), solar PV units, and battery
energy storage (BES) units. The proposed multi-objectivebased ONR problem has been solved by using the multiobjective crow search algorithm (MO-CSA). The proposed
methodology has been implemented on 14 bus and 17 bus
distribution systems.

CSA). The performance of the proposed model on 14 bus and
17 bus DSs is presented in the results and discussion in
Section V. Section VI concludes the paper.
II. MODELING OF DISTRIBUTED GENERATION (DG) UNITS
This section presents the modeling of RERs based DG
sources, i.e., WEGs, solar PV units, and BES units.
A. Modeling of Wind Power
In the WEG, the kinetic energy (KE) of wind is going to
be converted into electrical power. The power output from a
wind turbine (𝑃𝑊 ) depends on variations in wind speed (𝑣),
and it can be expressed as [16],
0
𝑟
𝑃𝑊 = � 𝑎𝑣 3 − 𝑏𝑃𝑊
𝑟
𝑃𝑊
Where 𝑎 =

𝑟
𝑃𝑊
3
3
𝑣𝑟 −𝑣𝑐𝑖

𝑖𝑓 𝑣 ≤ 𝑣𝑐𝑖 𝑎𝑛𝑑 𝑣 ≥ 𝑣𝑐𝑜
𝑖𝑓 𝑣𝑐𝑖 ≤ 𝑣 < 𝑣𝑟
𝑖𝑓 𝑣𝑟 ≤ 𝑣 < 𝑣𝑐𝑜

and 𝑏 =

3
𝑣𝑐𝑖
3
3
𝑣𝑟 −𝑣𝑐𝑖

(1)

. Generally, the stochastic

nature of wind speed ( 𝑣 ) is modeled using the Weibull
probability distribution function (PDF). From the knowledge
of wind speed distribution, the wind power (𝑃𝑊 ) is derived
and it is depicted in Fig. 1.

Fig. 1. Wind Power Distribution.

The uncertain nature of wind speed (𝑣) can be expressed
as [17],
𝑘

𝑣 𝑘−1

𝑓(𝑣) = � � � �
𝑐

𝑐

𝑣 𝑘

𝑒 −�𝑐�

𝑓𝑜𝑟 0 ≤ 𝑣 ≤ ∞

(2)

The uncertain nature of wind power (𝑃𝑊 ) using Weibull
PDF can be expressed as [17],
𝑓(𝑃𝑊 ) =

The paper presented is as follows: Section II explains the
mathematical modeling of DG sources, such as wind, solar
PV, and battery storage. In section III multi-objective-based
problem formulation with system power losses and operating
cost objectives has been described. Section IV presents the
description of the multi-objective crow search algorithm (MO-

𝑘(𝑣𝑟 − 𝑣𝑐𝑖 )
�𝑣𝑐𝑖
𝑐 𝑘 𝑃𝑊
𝑃𝑊
+ 𝑟 (𝑣𝑟
𝑃𝑊

− 𝑣𝑐𝑖 )(𝑘−1) � 𝑒

𝑘
𝑃
𝑣𝑐𝑖 + 𝑊
𝑟 (𝑣𝑟 −𝑣𝑐𝑖 )
𝑃𝑊
−�
�
𝑐

(3)
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B. Modeling of Solar PV Power
The amount of power output from solar PV unit (𝑃𝑃𝑉 )
depends on the solar irradiation (G), and it can be expressed as
[18],

𝑃𝑃𝑉 =

⎧
⎪

𝑟
𝐺 2 𝑃𝑃𝑉

𝑓𝑜𝑟 0 ≤ 𝐺 < 𝐺𝑐

𝐺𝑠𝑡𝑑 𝐺𝑐

𝑟
𝐺𝑃𝑃𝑉

𝑓𝑜𝑟 𝐺𝑐 ≤ 𝐺 < 𝐺𝑠𝑡𝑑

⎨ 𝐺𝑠𝑡𝑑
⎪ 𝑟
⎩ 𝑃𝑃𝑉

(4)

Γ(𝛼+𝛽)

Γ(𝛼)Γ(𝛽)

𝐺 (𝛼−1) (1 − 𝐺)(𝛽−1)

A. Objective 1: Total Operating Cost (TOC) Minimization
The TOC objective includes the cost due to power from
the grid (i.e., the power to the feeders), cost due to wind power,
solar PV power, and BES units. This TOC objective can be
formulated as [23],
Minimize,

𝑓𝑜𝑟 𝐺 ≥ 𝐺𝑠𝑡𝑑

In this paper, the uncertainty modeling of the solar PV unit
is modeled by using the Beta distribution function, and its
value is in the interval [0, 1]. It is modeled using,
𝑓(𝐺) =

cost (TOC) and system power loss minimizations are
considered.

𝑁𝐹

𝑁𝑊

𝑇𝑂𝐶 = �(𝐶𝑖 × 𝑃𝑖 ) + ��𝐶𝑊𝑗 × 𝑃𝑊𝑗 �
𝑖=1

(5)

𝑁𝑃𝑉

+ �(𝐶𝑃𝑉𝑘 × 𝑃𝑃𝑉𝑘 )
𝑘=1
𝑁𝐵

The parameters 𝛼 and 𝛽 are calculated by using mean (𝜇)
and variance ( 𝜎 ) of solar irradiance data, and they are
calculated using,
𝜇(1+𝜇)

𝛽 = (1 − 𝜇) �
𝛼=�

𝜇𝛽

1−𝜇

�

𝜎2

− 1�

(6)
(7)

C. Modeling of Battery Energy Storage (BES)
The BES unit provides the flexibility to handle the
uncertainty of wind and solar PV units. The operational
constraints of battery storage are presented next:
The battery storage power (𝑃𝐵 ) is limited by [19],

−𝑃𝐵𝑚𝑎𝑥

≤ 𝑃𝐵 ≤ 𝑃𝐵𝑚𝑎𝑥

(8)

Battery power is positive during the charging mode and
negative during the discharging mode. The state of charge
(SoC) of battery at time t is expressed as [20],
𝑆𝑜𝐶𝑡 = 𝑆𝑜𝐶𝑡−1 + �

𝑃𝐵

𝑚𝑎𝑥
𝑃𝐵

�

(9)

The limit on SoC presents the excessive discharging and
charging of the battery, and it can be expressed as,
𝑆𝑜𝐶 𝑚𝑖𝑛 ≤ 𝑆𝑜𝐶𝑡 ≤ 𝑆𝑜𝐶 𝑚𝑎𝑥

(10)

Where 𝑆𝑜𝐶 𝑚𝑖𝑛 and 𝑆𝑜𝐶 𝑚𝑎𝑥 are 0.2 and 0.9, respectively.

III. PROBLEM FORMULATION: MATHEMATICAL MODELING
OF ONR/FRC
Optimal network reconfiguration (ONR) is an important
tool to operate the distribution system (DS) at a minimum
operating cost and/or minimum system power losses and for
the enhancement of system security/reliability [21]. The ONR
is a complicated problem as they have several candidate
switching (both sectional and tie switches) combinations,
which makes it a discrete optimization problem [22]. In this
work, two important technical objectives, i.e., total operating

𝑗=1

+ �(𝐶𝐵𝑏 × 𝑃𝐵𝑏 )
𝑏=1

(11)

B. Objective 2: System Power Losses Minimization
Usually, the distribution networks are radial to reduce the
protection complexities, and they have a high R/X ratio and
hence they have high active power loss [24]. It is very
important to reduce the system power losses for increasing the
operational efficacy of the system. Fig. 2 depicts the single
line diagram (SLD) of the radial distribution system (RDS)
with one main feeder and 𝑁𝐵𝑢𝑠 number of buses [25]. The
formulation of this objective can be formulated next:
The active power losses obtained in the section of line
between the bus j and bus (j+1), and can be expressed by [26],
𝑙𝑜𝑠𝑠
𝑃(𝑗,𝑗+1)
=�

2
2
𝑃(𝑗,𝑗+1)
+𝑄(𝑗,𝑗+1)

�𝑉𝑗 �

2

� 𝑅(𝑗,𝑗+1)

(12)

The reactive power losses obtained in the section of line
between the bus j and bus (j+1), and can be expressed by [27],
𝑙𝑜𝑠𝑠
𝑄(𝑗,𝑗+1)
=�

2
2
𝑃(𝑗,𝑗+1)
+𝑄(𝑗,𝑗+1)

�𝑉𝑗 �

2

� 𝑋(𝑗,𝑗+1)

(13)

Total active power losses (𝑃𝑇𝑙𝑜𝑠𝑠 ) occurred in the RDS can
be expressed as [28],
𝑁

𝐵𝑢𝑠
𝑃𝑇𝑙𝑜𝑠𝑠 = ∑𝑗=0

−1

�

2
2
𝑃(𝑗,𝑗+1)
+𝑄(𝑗,𝑗+1)
2

�𝑉𝑗 �

� 𝑅(𝑗,𝑗+1)

(14)

The system power loss minimization objective can be
formulated as [29],

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝑃𝑇𝑙𝑜𝑠𝑠

(15)

To perform the ONR/FRC problem in DSs, the system
needs to satisfy certain equality and inequality constraints.
The mathematical representation of those constraints is
presented in the following subsection.
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Main grid/ 1
Substation

2

j-1

P1,2+jQ1,2

PDj-1+jQDj-1

NBus

Pj,j+1+jQj,j+1

Pj-1,j+jQj-1,j

PD2+jQD2

PD1+jQD1

j+1

j

PDj+jQDj

PDj+1+jQDj+1 PDNBus+jQDNBus

Fig. 2. Single Line Diagram (SLD) of the Radial Distribution System (RDS) with 𝑁𝐵𝑢𝑠 Number of Buses.

C. Constraints
The power balance equation states that the total active
power generation from WEGs, solar PV units, power from
main grid/substation, and batteries discharging power must be
equal to total active power demand, total power losses, and
battery charging power [30]. This power flow constraint can
be expressed as,
𝑁𝐹

𝑁𝑊

𝑁𝑃𝑉

𝑖=1

𝑗=1

𝑘=1

� 𝑃𝑖 + � 𝑃𝑊𝑗 + �

𝑁𝐵

𝑁𝐵

𝐶ℎ
= 𝑃𝑇𝐷𝑒𝑚𝑎𝑛𝑑 + 𝑃𝑇𝑙𝑜𝑠𝑠 + � 𝑃𝐵𝑏
𝑏=1

(16)

The bus voltage at each bus must be within the minimum
and maximum bus voltage limits, and this constraint can be
expressed as [31],
𝑉𝑏𝑚𝑖𝑛 ≤ 𝑉𝑏 ≤ 𝑉𝑏𝑚𝑎𝑥

𝑏 = 1,2,3, … , 𝑁𝐵𝑢𝑠

(17)

Power in each feeder is limited by [32],

𝑃𝑖 ≤ 𝑃𝑖𝑚𝑎𝑥

𝑖 = 1,2,3, … , 𝑁𝐹

(18)

𝑗 = 1,2,3, … , 𝑁𝑊

(19)

Power in each WEG is limited by,

𝑚𝑎𝑥
𝑃𝑊𝑗 ≤ 𝑃𝑊𝑗

Power in each solar PV unit is limited by [32],

𝑃𝑃𝑉𝑘 ≤

𝑚𝑎𝑥
𝑃𝑃𝑉𝑘

𝑘 = 1,2,3, … , 𝑁𝑃𝑉

(20)

Thermal limits of substation/main grid are limited by [33],

𝑚𝑎𝑥
𝑆𝑠𝑠 ≤ 𝑆𝑠𝑠

(21)

Thermal limits of feeders are limited by,

𝐼𝑓 ≤ 𝐼𝑓𝑚𝑎𝑥

A. Position Initialization
Let 𝑆𝑖𝑡 represents the position of each crow 𝑖 in 𝑡 𝑡ℎ
iteration and it can be expressed as,
𝑡
𝑡
𝑡
𝑡
𝑆𝑖𝑡 = �𝑆𝑖,1
, 𝑆𝑖,2
, 𝑆𝑖,3
, … . . , 𝑆𝑖,𝑛
�

𝐷𝑖𝑠𝑐ℎ
𝑃𝑃𝑉𝑘 + � 𝑃𝐵𝑏
𝑏=1

places and retrieve the hidden foods even after several months.
The crows in the flock represent the solution in the population
of size 𝑁 . The following steps are involved during the
implementation of CSA [34].

(22)

In this paper, the single objective-based ONR/FRC
problem has been solved by using the crow search algorithm
(CSA) and the MOO-based ONR/FRC problem has been
solved by using the MO-CSA.
IV. MULTI-OBJECTIVE CROW SEARCH ALGORITHM (MOCSA)
The crow search algorithm (CSA) is a population-based
nature-inspired technique that mimics the crow’s behavior and
social interaction. Crows live in flock/group and their foods in
some hiding places. These intelligent crows memorize these

(23)

Where 𝑛 is the problem dimension.

B. Memory Initialization
Let 𝑚𝑖𝑡 represents the memory of each crow 𝑖 in 𝑡 𝑡ℎ
iteration and it can be expressed as [34],
𝑡
𝑡
𝑡
𝑡
𝑚𝑖𝑡 = �𝑚𝑖,1
, 𝑚𝑖,2
, 𝑚𝑖,3
, … . . , 𝑚𝑖,𝑛
�

(24)

Each solution in the population is evaluated by calculating
the fitness by using the objective function/fitness function
(𝑡+1)
𝑓�𝑆𝑖
�.

C. Position Update
Suppose crow 𝑖 follows crow 𝑗 and the crow 𝑗 doesn’t
watch crow 𝑖, then crow 𝑖 will discover food’s hiding place of
crow 𝑗. In this case, the position of crow 𝑖 is updated by using
[34],

𝑆𝑖𝑡+1 = 𝑆𝑖𝑡 + �𝑟𝑖 𝑓𝑙𝑖𝑡 �𝑚𝑗𝑡 − 𝑆��

(25)

𝑆𝑖𝑡+1

is the new/updated position of crow 𝑖 at
Where
(𝑡 + 1)𝑡ℎ iteration, 𝑟 is a random number between 0 and 1,
and 𝑓𝑙𝑖 is flight length. Suppose crow 𝑖 follows crow 𝑗 and the
crow 𝑗 knows that crow 𝑖 is watching it, then crow 𝑗 moves
randomly to fool crow 𝑖. This process can be expressed by
using [35],
𝑆 𝑡 + �𝑟𝑖 𝑓𝑙𝑖𝑡 �𝑚𝑗𝑡 − 𝑆𝑖𝑡 ��
𝑆𝑖𝑡+1 = � 𝑖
𝐴 𝑟𝑎𝑛𝑑𝑜𝑚 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛

𝑖𝑓 𝑟𝑗 ≥ 𝑃𝑐𝑡
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(26)

D. Memory Update
Each crow updates its memory based on its fitness value.
(𝑡+1)
The fitness of new crow’s position (i.e., 𝑓�𝑆𝑖
�) is better
than the current memory’s value (i.e., 𝑓(𝑚𝑖𝑡 ) ) then it will
update its memory ( 𝑚𝑖𝑡+1 ) to 𝑆𝑖𝑡+1 , otherwise, it will not
change its memory (𝑚𝑖𝑡+1 = 𝑚𝑖𝑡 ). This can be expressed as
[36],
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𝑆 𝑡+1
𝑚𝑖𝑡+1 = � 𝑖 𝑡
𝑚𝑖

𝑖𝑓 𝑓(𝑆𝑖𝑡+1 ) > 𝑓(𝑚𝑖𝑡 )
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

� . Update
technique to limit the external population size to 𝑁
the position and memory of the combined population/flock
� ) using the equations (26) and (27), respectively. This
(N+𝑁
process is repeated until the termination criteria are satisfied.
The members of the Pareto optimal set offer the required
Pareto optimal front. The final best-compromised solution is
obtained by using the fuzzy-min-max approach. The flow
chart of MO-CSA has been depicted in Fig. 3.

(27)

For implementing the MO-CSA, an empty external Pareto
�. In each iteration,
set is generated with the maximum size of 𝑁
the best non-dominated solutions of the current flock are
�). If the size of the external
copied to the external Pareto set (𝑁
�
Pareto set exceeds 𝑁 , then use hierarchical clustering

Read test system data, current flock size, flight length, Pareto optimal set size,
consciousness probability, maximum number of iterations, maximum
objectives. Generate random flock members, Pareto set (null set).
Set flight count=1. Randomly
initialize the position and
memory of each crow

Run load
flow

Check for violated
functional constraints
Compute augmented objective
(Ex: obj1, obj2) and fitness of
the flight for given objective
(Ex: fit1, fit2)

Increment
flight count

No
Increment
iteration
count

Is K=flock size?
Yes

Current flock

Pareto set
Determine the set of
non-dominated solutions
Modified Pareto set

Yes

No
Is size<max size?

Combined (current and
Pareto set) flock

Reduce Pareto set
size by clustering

Update each crow’ s position
and memory in a flight

No

Updated Pareto set

Is iteration<max iteration?
Yes
Pareto optimal set represent optimal front

Use fuzzy min-max approach to find the best compromise solution and STOP
Fig. 3. Flow Chart of MO-CSA.
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objective is optimized independently, then the obtained
optimum TOC is 668.23 $/h and the corresponding power loss
is 0.63 MW. When the system power loss minimization
objective is optimized independently, then the optimum power
loss obtained is 0.45 MW, and the corresponding TOC is
715.01 $/h. From this analysis, it can be observed that when
one objective is optimized independently then the other
objective has deviated from the optimum. Therefore, there is a
pressing requirement for simultaneously optimizing the TOC
and system power losses.

V. RESULTS AND DISCUSSION
As mentioned earlier, in this paper the ONR/FRC problem
has been implemented on 14 bus and 17 bus DSs. In this work,
the single objective-based ONR/FRC problem has been solved
using the CSA and the MOO-based ONR/FRC problem has
been solved by using MO-CSA. All the optimization programs
are codes in MATLAB R2018a software on a personal
computer with a 64 bit, 2.5 GHz, Intel Core-i7 processor, and
8 GB RAM. Parameters related to WEG are: cut-in wind
speed is 3 m/s, rated wind speed is 12 m/s, cut-out wind speed
is 25 m/s, and rated power of WEG is 2 MW. The rated
capacities of solar PV units and BES units are 3 MW and 1
MW, respectively.

In this paper, the MO-CSA is used for solving the
proposed MOO problem. When the TOC and system power
loss minimization objectives are optimized simultaneously,
then the obtained Pareto optimal front/set has been depicted in
Fig. 5. The obtained best-compromised solution using the
fuzzy min-max approach has the TOC of 683.50 $/h and
system power losses of 0.50 MW. The opened lines after the
ONR/FRC are line 6 (connected between buses 2 and 6), line
9 (connected between buses 3 and 8), and line 10 (connected
between buses 8 and 12). Fig. 6 depicts the SLD of 14 bus DS
after the ONR/FRC.

A. Simulation Results on 14 Bus Distribution System
The 14 bus distribution system consists of 16 branches, 3
feeders, and 3 tie-switches. The active and reactive power
demands are 28.7 MW and 17.3 MVAr, respectively. In this
test system, one WEG is placed at bus 11, one solar PV unit is
placed at bus 6, and one BES unit is placed at bus 12. Fig. 4
depicts the SLD of 14 bus distribution system.
Table I presents the power outputs and objective function
values for 14 bus system. When the TOC minimization
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Fig. 4. SLD of 14 Bus Distribution System.
TABLE I.
Power outputs and objective function values

OBJECTIVE FUNCTION VALUES FOR 14 BUS DS

Single objective-based ONR

MOO based ONR

TOC Minimization

Power loss Minimization

TOC and Power loss minimization

Power output from feeders (MW)

24.07

24.35

24.60

Power output from WEGs (MW)

1.92

1.85

1.89

Power output from solar PV unit (MW)

1.79

1.64

1.80

Power output from BES unit (MW)

0.92

0.86

0.91

Total operating cost (TOC) ($/h)

668.23

715.01

683.50

System power losses (MW)

0.63

0.45

0.50
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Fig. 5. Pareto Optimal Front of TOC and System Power Losses for 14 bus System.
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Fig. 6. SLD of 14 Bus DS after Optimal Network Reconfiguration (ONR) / FRC.

B. Simulation Results on 17 Bus Distribution System
The 17 bus DS consists of 17 buses, 19 branches, 3 feeders,
and 3 tie-switches. Three transformers of rating
115kV/13.2kV of ∆ − 𝑌𝑔 connection with the leakage
impedance of (0.01+j0.05) p.u. are connected at the beginning
of 3 feeders. The active and reactive power demands of 17 bus
system are 86.10 MW and 51.90 MVAr, respectively. The
SLD of 17 bus DS has been depicted in Fig. 7.
Table II presents the power outputs and objective function
values for the 17 bus system. When the TOC minimization
objective is optimized independently, then the obtained
optimum TOC is 1862.06 $/h and the corresponding power
loss is 2.76 MW. When the system power loss minimization
objective is optimized independently, then the optimum power
loss obtained is 1.95 MW, and the corresponding TOC is

1903.12 $/h. From this analysis, it can be observed that when
one objective is optimized independently then the other
objective has deviated from the optimum. Therefore, there is a
pressing requirement for simultaneously optimizing the TOC
and system power loss objectives.
In this paper, the MO-CSA is used for solving the
proposed MOO problem. When the TOC and system power
losses are optimized simultaneously, then the obtained Pareto
optimal front has been depicted in Fig. 8. The obtained bestcompromised solution using the fuzzy min-max approach has
the TOC of 1874.02 $/h and system power losses of 2.26 MW.
The opened lines after the ONR/FRC are line 7 (connected
between buses 5 and 8), line 9 (connected between buses 5
and 9), and line 12 (connected between buses 6 and 11). Fig. 9
depicts the SLD of 17 bus DS after the ONR/FRC.
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Fig. 7. SLD of 17 Bus Distribution System.
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TABLE II.

OBJECTIVE FUNCTION VALUES FOR 17 BUS DS.

Single objective-based ONR

MOO based ONR

TOC Minimization

Power loss Minimization

TOC and Power loss minimization

Power output from feeders (MW)

82.35

81.87

82.09

Power output from WEGs (MW)

2.82

2.68

2.75

Power output from solar PV unit (MW)

2.74

2.59

2.60

Power output from BES unit (MW)

0.95

0.91

0.92

Total operating cost (TOC) ($/h)

1862.06

1903.12

1874.02

System power losses (MW)

2.76

1.95

2.26

Power outputs and objective function values
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Fig. 9. SLD of 17 Bus Distribution System after ONR / FRC.

VI. CONCLUSIONS
This paper proposes a multi-objective-based optimal
network reconfiguration (ONR)/feeder reconfiguration (FRC)
approach considering the multiple energy sources, and it has
been solved by using the multi-objective crow search
algorithm (MO-CSA). This ONR/FRC approach considers the
total operating cost and system power losses minimization as
objectives. Apart from the power received from the main grid,
this paper considers the power from distributed generation
(DG) such as wind energy generators (WEGs), solar PV units,
and battery energy storage (BES) units. The stochastic nature
of solar PV and wind power generation models is developed
using the probabilistic approach in which the uncertainties
associated with generation patterns have been modeled using
the probability distribution functions. The proposed
methodology has been implemented on two test systems, i.e.,
14 bus and 17 bus distribution systems with 3 feeders.
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