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Abstract

In this paper, two reconfiguration methodologies for three-phase electric power distribu-
tion systems based on multi-objective optimization algorithms are developed in order to
simultaneously minimize two objective functions, (1) power losses and (2) three-phase
unbalanced voltage. The proposed optimization involves only radial topology configu-
rations which is the most common configuration in electric distribution systems. The
formulation of the problem considers the radial topology as a constraint, increasing the
computational complexity. The Prim and Kruskal algorithms are tested to fix infeasible
configurations. In distribution systems, the three-phase unbalanced voltage and power
losses limit the power supply to the loads and may even cause overheating in distri-
bution lines, transformers and other equipment. An alternative to solve this problem
is through a reconfiguration process, by opening and/or closing switches altering the
distribution system configuration under operation. Hence, in this work the three-phase
unbalanced voltage and power losses in radial distribution systems are addressed as a
multi-objective optimization problem, firstly, applying a Genetic Algorithm using the
weighted sum method; and, secondly, implementing an NSGA-II algorithm. Examples
of distribution systems are presented to prove the effectiveness of the proposed method.

Keywords: multi-objective optimization, weighted sum, distribution system reconfiguration, unbalance,
losses, genetic algorithm.

1 Introduction

The power distribution system reconfiguration consists in altering the system topological structure by opening
and closing some switching devices. In this paper, the reconfiguration is carried out as a multi-objective
problem, which has a huge variety of configuration possibilities whose complexity depends on the number
of switches and network topology. The problem complexity and the discrete nature of the switches make
the reconfiguration a mixed integer nonlinear optimization problem. The number of possible network states
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grows exponentially with the number of switches (2"), making rudimentary techniques such as exhaustive
search totally unsuitable [I].

In the last decades, there have been studies proposing optimization algorithms to provide good enough
solutions since running all possible configurations requires a prohibitively long running time. Although these
algorithms do not guarantee that a globally optimal solution is found, they often improve the initial config-
uration, such as the first heuristic method proposed by Merlin and Back [2], where a special variation of the
branch and bound technique was employed to determine the minimum loss configuration; then Shirmoham-
madi and Hong [3] made improvements to this methodology through the analysis of optimal power flow. In
[4], Civanlar et al. developed a heuristic methodology to reduce the losses of electrical networks, formulating
a simple algebraic expression to estimate the power loss reduction via load transfer among feeders.

The fact that the above mentioned optimization techniques normally find just local optimum, has mo-
tivated the development of metaheuristic methods for distribution system reconfiguration in the early 90s.
For example, in [5] a reconfiguration method for loss reduction in distribution systems was proposed using
Genetic Algorithm. The same optimization problem was solved through Artificial Neural Networks [6] and
Simulated Annealing [7]. Later, an Ant Colony Algorithm was introduced to solve the optimal system re-
configuration for power loss reduction [§]. It can be noted that most of the studies on reconfiguration, only
considers a single objective problem, typically loss reduction.

Problems with multiple objectives arise in a natural fashion in most disciplines and their solution has
been a challenge to researchers for a long time [9]. In the same way, reconfiguration problems can also
consider more than one objective, given that each configuration has different electrical parameters that can
be better for a certain objective function but at the same time be worse for another one. Basically, there
are two approaches to solve multi-objective optimization.

The easiest way to perform a multi-objective optimization is reformulating the multi-objective problem
into a single objective one. In a reconfiguration problem, the classical weighted sum method was used in
[10, I1] to maximize the average reliability and minimize the system power loss. The main drawback of
this method is that it is not possible to depict the complete Pareto optimal set thoroughly for non-convex
problems. Despite deficiencies with this method, the weighted sum method for multi-objective optimization
continues to be extensively used [12].

On the other hand, we have alternative multi-objective optimization algorithms to solve the reconfig-
uration problem; as the Multi-Objective Evolutionary Algorithms (MOEAs). They are able to obtain the
Pareto optimal set even for non-convex problems. MOEAs seem particularly suitable to solve multi-objective
optimization problems, because they deal simultaneously with a set of feasible solutions [9]. This allows to
find several members of the Pareto optimal set in a single run of the algorithm, instead of having to perform
a serie of separate runs, as needed when using weighted sum. For instance, in [I3| [I4], researchers proposed
different MOEAs to minimize the system power loss and maximize the system reliability at the same time.

In order to test the performance of both approaches, this paper proposes, first, to apply a Genetic Al-
gorithm (GA) using the weighted sum method and reformulate the multi-objective problem into a single
objective problem, then applying a MOEA to solve the same multi-objective problems for optimal distribu-
tion system reconfiguration. The literature offers several MOEAs, such as NPGA (Niched Pareto Genetic
Algorithm) [I5], SPEA (Strength Pareto Evolutionary Algorithm) [16], SPEA-II [I7], MOGA (Multi Objec-
tive Genetic Algorithm) [I8], NSGA (Non-dominated Sorting Genetic Algorithm) [I9], NSGA-II [20] and so
on. In this paper, the NSGA-II algorithm will be implemented considering its well-known good performance
in different engineering problems [21]. In addition, the comparison of MOEAs for distribution system recon-
figuration, performed by Mazza et al. [14], shows that the NSGA-II results have a good performance even
in reconfiguration system problems.

The authors surveyed the state of the art in distribution system reconfiguration, and found that several
objective functions were studied. However, according to their findings, the three-phase unbalanced voltage
has not been carried out as an objective function yet.

The effect of unbalanced voltage can be severe on equipment such as induction motors, power electronic
converters and adjustable speed drives [22]. Unbalanced voltages can result in adverse effects on equipment
and on the whole power system. Under unbalanced conditions, the power system will incur more losses and
heating effects, and be less stable because when the phases are balanced, the system is in a better position to
respond to emergency load transfers. An induction motor may be damaged and shorten its life for long-term
or even short-term operation under an unbalanced condition [23].

Considering the effects that unbalanced voltages can cause in distribution systems and the lack of research
on the reconfiguration process used to correct unbalanced voltages, one objective function to be minimized
in this paper will be the bus with the highest voltage unbalance index in the system. On the other hand,
power loss minimization is already known as one of the main challenges in distribution system. Lower
electricity losses are associated with better financial sustainability of utilities, as additional revenues increase
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cost recovery, enhance the capitalization of the power sector, and improve the sector’s capacity to invest.
Electricity losses are mainly concentrated in distribution systems, which accounts for up to 80% of total
losses [24].

Considering the aforementioned importance of loss reduction in distribution system, the real power
loss minimization will be the other objective function to be minimized. The objective functions (voltage
unbalance index and power loss minimization) conflict with each other. Unlike single objective optimization,
the solution to this problem is not a single one, but a family of trade-off solutions known as the Pareto-
optimal set [I8]. Each point in this set is optimal in the sense that no improvement can be achieved in
any objective vector without a degradation in at least one of the remaining objective functions. Hence, the
application of the Pareto concept is a reasonable solution to this multi-objective problem to obtain a set of
non-dominated optimal solutions.

Computing the objective functions requires running a three-phase power flow study. There are many
power flow methods for transmission systems; however, for three-phase distribution systems we can find just
a few power flow methods. In this paper, the Ladder Iterative Technique or Forward and Backward Sweep,
proposed in [25] will be implemented. This is one of the most effective three-phase power flow methods
for distribution systems; it takes advantage of the radial structure of distribution systems making use of
Kirchhoft’s circuit laws, and it has excellent convergence characteristics.

Most electric distribution feeders are configured radially, for effective coordination of their protection
systems [3]; consequently in this paper only radial distribution systems are considered. The radiality increases
the computational complexity due to the reconfiguration process. The proposed Genetic Algorithm requires
the application of mutation and crossover operators, which can cause infeasible configurations (non-radial
configurations or configurations with isolated load buses). Therefore, constrains are applied in order to
identify infeasible configurations. This paper proposes to deal with infeasible configurations as a Minimum-
Spanning-Tree problem in order to implement the Prim [26] or Kruskal [27] algorithms to fix unfeasible
configurations. These algorithms have been used in several reconfiguration problems, such as [28] 29] [30].

The system presented in [4] is used to validate the reconfiguration algorithm comparing the results with a
former publication. Moreover, the system loads are altered to test the algorithms in an unbalanced system,
and then the system is extended to verify the efficiency of the proposed methods in larger unbalanced
systems.

2 Mathematical Model

Prior to the problem formulation, the three-phase power flow algorithm must be developed, since the objective
functions proposed in this paper are computed from the power flow outcomes. In this section, a three-phase
power flow algorithm is summarized to obtain the required electrical parameters.

2.1 Distribution System Modeling

The mathematical model of the distribution system components are classified in two kind of components,
Series Components and Shunt Components [31]. They can be mathematically modeled as follows.

2.1.1 Series Components

The most common series components of distribution systems are Line Segments, Transformers and Voltage
Regulators [31]. The general model for series components are shown in Fig.

Node n Node m
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Im

> Series Component

A 4

2 Vim

Figure 1: Mathematical Model of Series Component.
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The general equations , and relate the voltages and currents of Node m and Node n:

[Vabc]n = [a]'[vabc}m + [b}'[Iabc]m (1)
[Iabc]n = [C]'[Vabc]m + [d}'[-[abc]m (2)
[Vabc]m = [A]'[Vabc]n - [B]'[Iabc}m (3)

where the matrices a, b, ¢, d, A and B, are general matrices relating to the kind of component connected
between nodes n and m. These matrices are computed by the methods proposed in [31].

2.1.2  Shunt Components

The most common shunt components of distribution systems are Spot Loads, Distributed Loads and Ca-
pacitor Banks [31]. These components, unlike series components, are connected only to a bus. They can
be three-phase, two-phase, or single phase, and connected in either a wye or a delta connection. The shunt
components are modeled in accordance with [31].

2.2 Three-Phase Power Flow

Fig. 2] represents a single line diagram of a radial system, which has been designed to describe the Forward
and Backward Sweep algorithm.

Figure 2: Single line diagram of a radial system.

The Forward and Backward Sweep method can start when all the components are modeled and the
voltage in the source bus (Vi,eq;) is known. This method has two steps that are specified in what follows.

Step 1 (Forward Sweep):
e For the first iteration, assume three-phase rated voltages at the end buses (in Fig. [2} buses 3 and 4).

e Compute the three-phase currents I3 and Iy with the assumed voltages according to the shunt com-
ponents connected to each bus. The currents computed in Step 1 must be stored to be used in Step
2.

e Compute the voltage at bus 2 using equation .
e Compute currents Io3 and 4 using equation .
e Compute current 15 using Kirchhoff’s current law.
e Compute the voltage at bus 1 using equation .

e Check convergence, compare the computed voltage at bus 1 with the specified voltage Vi,eq;- The
convergence is achieved if the difference is less than a specified tolerance (for instance, 0.0001), hence
the method stops, otherwise Step 2 is executed.

Step 2 (Backward Sweep):
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e Using equation , compute the voltage at bus 2 with I15 (computed in Step 1) and the specified
voltage Viyeai-

e The previous calculation is repeated until new voltages are determined at the end buses (buses 3 and
4). The voltages at the end buses must be stored to be used in Step 1.

e Repeat Step 1, using the voltages at the end buses computed in Step 2.

Fig. 3| shows a Flow Chart for the Forward and Backward Sweep algorithm, working as a whole.

}

Read system data and
initial conditions

Y

First
iteration ?

Set rated voltages at
the end buses

Forward Sweep
starts

Compute currents and voltages
using general equations and
Kirchhoff's current law

! l

Currents are stored to be used in Voltages are stored to be used in
Backward Sweep process Forward Sweep process

Backward Sweep
ends

Backward Sweep
starts

Compute voltages using general

equation

|

Forward Sweep
ends

No

Converged ?

Print Results

Figure 3: Flow Chart for the Forward and Backward Sweep algorithm.

3 Problem Formulation

The optimization problem is described in this section. The reconfiguration is a process to determine the
optimal switch status in the entire system. In this paper, the problem is formulated as a multi-objective
optimization problem that tries to optimize two objectives satisfying a set of constraints described below.
3.1 Objective Functions

3.1.1 Power Loss Minimization

The first objective to minimize is the total real power loss of the system. The losses are computed for each
phase and each branch of the distribution system. The sum of all branch losses is equal to the total real
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power loss of the system. The mathematical formulation for the minimization of real power loss is presented
as
nr
Min {Piota} = Min{ > _ Ri.|L|*} (4)
i=1
where
P,otq1 = total real power loss of the system
nr = number of system branches
R; = resistance of branch i
I; = current of branch ¢

3.1.2  Unbalanced Voltage Minimization

The second objective function is the unbalanced voltage minimization on the bus with the highest voltage
unbalance index in the system. The voltage unbalance index is computed in the literature in different
ways. Considering standards used by utilities worldwide, as [32], B3], this paper implements the voltage
unbalance factor (VUF) as the voltage unbalance index, which is the ratio between negative-sequence and
positive-sequence voltage [34]. Therefore, the Unbalanced Voltage Minimization is computed as

Min {VUFpqa,} (5)

where
VUF,,4 = the highest voltage unbalance index of the system.

3.2 Constraints

e Voltage constraint: Voltage magnitude at each bus must lie within maximum and minimum allowable
limits.
0,93 pu. <V; (pu.) <1,05pu. , de(1,2,...,np) (6)
where
V; = voltage of bus i
np = number of buses

p.u. = per unit (adimensional unit commonly used in electrical engineering)

e Current constraint: branch currents should not exceed their maximum current capacities.
Ij < Ij,max ) .7 € (1723 "'anr) (7)

where
I; = current of branch j
I maz = current capacity of branch j

n, = number of system branches

e Topology constraint: The system configuration must be radial and without isolated buses.

4 Genetic Algorithm in Distribution System Reconfiguration

Genetic Algorithms are powerful search algorithms and can be used in a wide range of engineering problems.
This paper compares two algorithms based on Genetic Algorithm, NSGA-IT and GA using the weighted sum
method, to solve the Distribution System Reconfiguration problem.

A Genetic Algorithm is a search algorithm based on the mechanisms of natural selection and natural
genetics. It combines survival of the fittest among string structures with a structured yet randomized
information exchange to form a search algorithm with some of the innovative flair of human search [35]. In
every generation, a new set of artificial individuals (children) is created, in general, using hits and pieces of
the fittest of the individuals (parents); an occasional new part may be tried for exploration.
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4.1 Genetic Algorithm Parameters

In order to solve the Distribution System Reconfiguration problem applying either NSGA-IT or GA using the
weighted sum method, it is necessary to adapt some distribution system characteristics. All parameters and
operators used in this paper were selected and calibrated by the authors taking into account their pragmatic
experience on reconfiguration problems. Several runs were performed and different methods and operators
were tested before choosing the appropriate parameters and operators. Details of the chosen parameters and
operators are described below.

4.1.1  Codification

The codification adopted in this paper was proposed in [36]. The representation of each system topology is
carried out using a binary coding, where the chromosomes have fixed length equal to the number of system
switches. The binary values indicate the status of each switch, a number “1” indicates a closed switch while
the number “0” represents an open switch.

Fig. [4] shows a system representation through a chromosome. In Fig. it can be noted that each
system switch is represented by a number, and Fig. [D] illustrates the system’s chromosome where each
switch number corresponds to a locus. The switches 1, 4 and 5 are closed, therefore, the locus 1, 4 and &
are filled with number “1”. The other system switches are open, for this reason the other locus are filled
with number “0”. This way, it is possible to represent the system topology with a binary vector.

!}\g\g!}!g\g\

(b) System’s chromosome

(a) Six switch system.

Figure 4: Codification of a six switch system.

4.1.2  Initial population

In this paper, a completely random initial population with 30 individuals is proposed, in order to assure a high
genetic diversity at the beginning of the optimization process. Due to the characteristics of the distribution
systems, the random population may generate a large number of non-feasible individuals. Therefore, it will
be necessary to check the system topology of all individuals, and if it is needed, a topology correction will
be performed using the methodology proposed in Section

4.1.8  Fitness Evaluation

The three-phase power flow algorithm must be run for each individual in order to obtain the real power
loss and the voltage unbalance index. Once these parameters are computed for the entire population, it is
possible to determine the fitness of each individual.

The proposed two methods to solve the reconfiguration problem are (1) GA using the weighted sum
method and (2) NSGA-II. In GA using the weighted sum method (GAWS), the multi-objective problem is
adapted into a single objective GA, so the fitness calculation follows the mathematical expression of equation

(SIE

k

N, Jil®)
F=2 ) )

where
F = Unified objective function.
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fi(z) = Objective function i.

fi(zo) = Normalization magnitude.

w; = Weight factor for objective function .
k = Number of objectives.

The weights w; typically satisfy the following condition:

k
Zwi =1 (9)

where w; > 0,V; =1,...,k [31].

On the other hand, when using NSGA-II, the fitness is assigned to each population member based on
non-dominated sorting (Pareto concept) as presented in [20], preserving diversity among solutions of the
same non-dominated front.

4.1.4  Operators

The Selection operator applied in this paper is the tournament selection; this method is probably the
most popular selection method in GA due to its efficiency and simple implementation [38]. In the binary
tournament selection implemented, 2 individuals are selected randomly from the population, and the selected
individuals compete against each other. The individual with the highest fitness wins. The probability that
an individual z is selected for the tournament is inversely proportional to the population size n, that means
it is a uniform probability, which is not based on the fitness quality. The probability is equal to p (z) = %

Elitist selection refers to retaining intact the best n individuals (n > 1) from the current generation to the
next one. In GAWS, the best solution is selected to carry over to the next generation, without any change.
On the other hand, when using the NSGA-II it is not necessary to select any individual to apply Elitism,
since all previous and current population members are included in the selection for the next generation. In
other words, for NSGA-II approach, Elitism is ensured.

The Crossover operator implemented in this work is the single-point method. The single-point crossover
uses a common random point (crossover point) in parent chromosomes and then combines the chromosomes
at the crossover point to create two children. An example is shown in Fig. [5] this example performs one
point crossover for two different topologies of a system and then creates two children. The buses of the left
and right ends are source buses, while the other are load buses.

6
[1]ofo]1]0]1] [o]1]1]o]1]o0]
1 2z & 4 S 6 3 2 - 4 5 6
Parent 1 Parent 2

Figure 5: System configurations (Parents).

The crossover process is detailed in Fig. [f] note that the crossover point is 4.



CLEI ELECTRONIC JOURNAL, VOLUME 22, NUMBER 3, PAPER 9, DECEMBER 2019

\1\0\0\131\0\ 0\1\1\030\1

Crossover point

e 0
1fofo[1;  Jo1[afo;
M :

Gene swapping

11/0/0/1/0/1| |o]1/1]0{1]0]
1 2 3 44is 6Chlldrenl 2 3 415 6

Figure 6: Crossover process.

The two configurations resulting from the crossover process are represented in Fig. [7} both configurations
(offsprings) are feasible configurations (radial and without isolated buses) in this short example.

6

BOORGR ORRGAG
i 2 3 4 5 6
Figure 7: Offsprings from crossover.

The proposed mutation operator randomly selects an individual from the population with a uniform
probability, as in the tournament selection. Then, two switches are randomly selected to have their state
(on/off) changed. Fig. 8| shows a system configuration where the locus 5 and 6 were randomly selected to

be mutated.

/‘ open switch 5
0/0 1[1][o]
i B2 48 @ 5/6

close switch 6

D),

.

Figure 8: Individual selected for the mutation process.

Fig. [0 represents a feasible configuration resulting from mutation. The mutation and crossover operators
change the chromosome, what can generate an infeasible configuration. When an individual coming from a
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mutation process is an infeasible configuration, the topology correction method detailed in Section [5| will be
applied, to ensure a radial feasible topology.

/ mutated gene
100 1[o]f1]
Tt 2 38 & 5/6

mutated gene

Figure 9: Individual coming from mutation process.

4.1.5 Stopping Condition

An a priori fixed number of iterations is the stopping condition implemented. In this approach, the iterations
are executed for a maximum number of generations. In the case of GAWS, only the best system configu-
ration, obtained so far, is taken to be the optimal solution. However, in the case of NSGA-II, all system
configurations from the Pareto-optimal solutions, obtained in the last generation, are consider as optimal
solutions.

4.2 Multi-objective reconfiguration problem for GAWS

The proposed GAWS reformulates the multi-objective problem into a single objective problem. In this
method, the objective function weights are systematically changing in order to find the Pareto optimal
solutions one by one. Ideally, weights of each objective function are assigned by the decision maker based
on the intrinsic knowledge of the problem [37].

Generate initial
population

I

Apply the topology

correction method
Fitness evaluation of offspring

Fitness Evaluation
and mutated individual

Selection
Set next population

. Crossover and (offspring + mutated +
Elitism — -
Mutation elitist)

Print Results

Figure 10: Flow Chart for the GAWS in a reconfiguration problem.

Apply the topology
correction method

Stopping
Condition?

10
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The proposed reconfiguration problem has two objective functions with different magnitudes, so the
normalization of objectives may be useful. The normalization magnitude applied in this paper is equal to
the magnitude of the objective function at an initial point wq [37].

In the GAWS, the objective function is unified as shown in equation . Once the objective func-
tion is unified and the decision maker assigns weights to each objective function, it is possible to run the
reconfiguration problem as a single objective GA. Fig. [10] shows a Flow Chart for the implemented GAWS.

4.3 Multi-objective reconfiguration problem for NSGA-II

Instead of reformulating the multi-objective problem into a single objective one, which demands applying
the algorithm many times, NSGA-II is able to find multiple Pareto-optimal solutions in one single run [20].
Therefore, the reconfiguration problem is also solved using NSGA-II.

In NSGA-II, the population is sorted based on non-domination [21]. Fig. shows the NSGA-II procedure,
where P; is the parent population of size N and @, is the offspring population of size N as well. A fitness
is assigned to each solution in base of its non-domination level [20].

Non-dominated Crowding distance
sorting sorting

Pt+1

| | {E==

.l | Fs _____________________________

Qt

B
I:I Rejected
L1

Re

Figure 11: NSGA-II procedure.

Fig. [12] shows a Flow Chart for the multi-objective reconfiguration problem using NSGA-II.

Generate initial
population

I

Apply the topology
correction method
Apply the topology
l correction method
Fitness Evaluation
Fitness evaluation of offspring
and mutated individual
Selection Crossover and l
Mutation

Set the population (parents +
offspring + mutated individual)
of size 2N

l

Select next population of size N

according to the crowded-comparison

Stopping
Condition?

Print Results

Figure 12: Flow Chart for the multi-objective reconfiguration problem using NSGA-II.

To set exactly N members to the next generation (P.y1), the solutions of the last front (F3 in Fig. are

11
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sorted using the crowded-comparison operator [20]. To compute the crowding distance, firstly, the boundary
solutions (smallest and largest objective value) of the front are consider as having the best crowding distance
of the front. For the other individuals, equation is applied to compute every single crowding distance.

di=) e fmm (10)
jz:fj = I

]

k f(z‘+1) _f(ifl)

Equation represents the crowding distance for solution i. The f;lﬂ) and f;lfl) parameters are equal
to the objective function values for neighboring solutions (7 + 1) and (i — 1) respectively, and fJ"** and f]mm
represent the maximum and minimum objective function values for objective function j. Parameter k is the
number of objective functions.

4.4 Result Assessment

When comparing algorithms in a single objective optimization context, it is easy to choose the algorithm
that has found the lowest result in minimization problems. However, in a pure multi-objective context where
a set of solutions is found by each algorithm, the selection of the best algorithm is not that trivial. Several
comparison metrics were defined for this purpose, but the Hypervolume Indicator is by far the most accepted
metric in the specialized literature [39]. Therefore, this indicator will be used to compare the results achieved
by the multi-objective algorithms.

The Hypervolume Indicator proposed in [40], comprises calculating areas (volume, or hypervolume de-
pending on the number of objective functions). Given that this work only considers 2 simultaneous objective
functions, it calculates areas between each point of the Pareto Front and a given reference point (P). The
assessment is made comparing the areas generated by fronts from different algorithms. To illustrate the
concept, Fig. represents a Pareto Front with eight solutions and a reference point (P) indicating the
rectangles whose areas should be added to find the desired Hypervolume Indicator.

P
A 4

v

£

Figure 13: Hypervolume Indicator.

The total area of the rectangles will be equal to the Hypervolume Indicator (HV), equation can be
used to compute HV.

HV = ZAreak (11)
k=1
where
HV = Hypervolume Indicator
n = number of solutions
Areay, = area of solution k

5 Topology correction

The Minimum-Spanning-Tree technique was chosen to fix infeasible configurations generated by the genetic
operators, due to its similarity to the distribution system problem.

12
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A spanning tree of a graph is a subset of edges forming a tree connecting all vertices [41]. Any tree is the
smallest possible connected graph in terms of number of edges, while the Minimum-Spanning-Tree (MST)
is the smallest connected graph in terms of edge weight.

To interconnect a set of n vertices, we can use an arrangement of n — 1 edges, each connecting two
vertices. We can model this problem with a connected, undirected graph G = (V, E), where V is the set
of vertices, E is the set of possible interconnections between pairs of vertices, i.e. (u,v) ¢ E. We have a
weight w(u, v) specifying the cost to connect u and v. We then wish to find an acyclic subset T C E that
connects all the vertices and whose total weight w(T") = > w(u,v) is minimized [42]. Since T is acyclic and
connects all the vertices, it must form a tree, which we call a spanning tree since it spans all nodes of graph
G. We call the problem of determining the tree 7' the MST problem. Associating the MST problem with the
distribution system reconfiguration problem, it can be noted the relationship between these two problems.
In the MST problem, the aim is to obtain an acyclic connected graph that connects all the vertices and
whose total weight is minimized. On the other hand, in a distribution system reconfiguration, the problem
searches a radial system (no mesh) configuration without isolated buses.

This paper proposes adapting the MST problem in order to fix infeasible configurations. Fig. [14] shows
the analogy between a distribution system and a graph.

(90-100)
0,01

(90-100) fc\ (80)
</

(90-100)

(a) Distribution system single line diagram. (b) Distribution system graph representation.

Figure 14: Analogy between a distribution system and a graph.

In the graph representation, a weight of 0,01 is set for distribution lines without switches (lines (A, B)
and (A, D)). For closed switch line ((C, E)), a weight of 80 is set, and for open switches ((4,C), (B, E) and
(D, E)) a random weight range between 90 and 100 is set. These weights have been set considering that the
MST problem seeks the lowest weight path, so the MST will find the solution using all lines without switches
and try to follow the original configuration as much as possible, which means giving more probability for
not using open switch lines.

In order to increase genetic diversity, we vary the MST path when the same infeasible configuration
emerges during the reconfiguration process. Therefore, for open switch lines, a random weight (90-100) is
proposed in order to get a variety of configurations.

Since the MST method ensures a topology correction as long as the system has only one source bus,
this paper proposes adapting multi source bus systems as a single source bus system; this allows the MST
method finding the lowest weight path without forming loops between source buses.

Fig. shows the adaptation of the system shown in Fig. where source buses A and FE are joined
forming a single bus.

Figure 15: Two source bus system adapted into a single source bus.
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Once the distribution system is converted into a graph, the topology correction becomes a MST problem.
Among the algorithms for MST problem, there are two greedy algorithms, the Kruskal [27] and Prim [26]
algorithms. Both algorithms are briefly described below.

5.1 Kruskal and Prim algorithms

Kruskal’s algorithm: In Kruskal’s algorithm, the set T represents a forest whose vertices are all vertices
of the given graph. The safe edge added to T is always a least-weight edge in the graph that connects two
distinct components [42]. Kruskal’s algorithm qualifies as a greedy algorithm because at each step it adds
to the forest an edge of least possible weight. Algorithm [1] shows how Kruskal’s algorithm works.

Algorithm 1 Kruskal’s algorithm pseudocode.

Require: Order E (the edges) by nondecreasing weight.
Require: T=9; N =1;
Require: V= number of vertices
1: while V—1+# N do
2:  Select the first (u,v) of E.
3 if TU{(u,v)} do not create a cycle then
4: T=TU{(u,v)}
5: N=N+1
6 end if
7. Delete the first (u,v) from E.
8: end while

Prim’s algorithm: In Prim’s algorithm, the set T forms a single tree. The safe edge added to T is
always a least-weight edge connecting the tree to a vertex not in the tree [42]. This algorithm qualifies as
greedy since at each step it adds to the tree an edge that contributes the minimum possible amount to the
tree’s weight. Algorithm [2] shows the Prim’s algorithm pseudocode.

Algorithm 2 Prim’s algorithm pseudocode.

Require: Select a random vertex ug.

Require: EF=Edges set

Require: T = ug; N = 1; V= number of vertices
1: while V —1# N do
2:  Find the least-weight (u,v) € E connecting to 7.
3: if TU{(u,v)} do not create a cycle then
4 T=TU{(u,v)}
5: N=N+1
6 end if

7. Delete (u,v) from E.

8: end while

5.2 Algorithm Comparison

The Prim’s algorithm has an algorithmic complexity of order O(|V|*) where |V| is the cardinality of the
set of vertices V. Kruskal’s algorithm has an algorithmic complexity of order O(|E|log |V|) where |E| is
the cardinality of the set of edges [43]. Consequently, the Prim’s algorithm is faster on dense graphs; while
Kruskal’s is faster on sparse graphs [41].

In distribution system, a dense graph would be a system with many switching possibilities. On the other
hand, sparse graph would be a system with just a few switching possibilities. Fig. shows two systems
with 5 buses, where one of them forms a sparse graph and the other one a dense graph.

Normally, the distribution system switching possibilities are similar to the sparse case shown in Fig.
For this reason, in most cases the Kruskal’s algorithm would be more suitable in topology correction problems,
but we have to consider that running time of Prim’s algorithm can be improved using pairing heaps [41].
Pairing heaps are designed to speed up decrease-key operations, where the priority of an item already in the
priority queue is reduced. Properly implemented and used, they lead to better performance on very large
systems.
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Figure 16: Sparse and dense graphs for distribution system.

Using pairing heaps, Prim’s algorithm can be improved, which makes Prim’s implementation using pairing
heaps the practical choice for both sparse and dense graphs [41]. Hence, the improved version of Prim’s
algorithm is chosen to fix infeasible configurations generated by genetic operators.

6 Study Cases

In this section, the reconfiguration algorithm is tested on an example of distribution system, comparing the
results with previous work where a single objective is minimized. Moreover, the two proposed reconfiguration
algorithms (GAWS and NSGA-II) are applied on unbalanced distribution systems minimizing two objective
functions. All algorithms were developed in Matlab and implemented on a 2.4GHz PC with 8GB of RAM.

6.1 Validation of the Proposed Algorithm

The proposed reconfiguration algorithm is tested in the well-known 16-bus system (see Fig. presented in
[4]. The buses are labeled with numbers, while the switches with letters. The system has 13 load buses and
3 source buses (substations), with 16 switches. The system data is shown in Table

Considering that the system was originally solved as a single objective problem (Power Loss Minimiza-
tion), the first test is performed using the proposed reconfiguration algorithm to minimize only the system
losses. The primary aim of this first test is to validate the proposed reconfiguration algorithm—which
includes GA, Three-Phase Power Flow and Topology Correction algorithms—comparing the proposed algo-
rithm results with [44] results.

Source | Source Il Source I11

] — 1—’— 1 —

d e 10
1 | k p
5 11
6 — 12 —_3
m I n I o
I |
7 2

Figure 17: 16-bus system.

15



CLEI ELECTRONIC JOURNAL, VOLUME 22, NUMBER 3, PAPER 9, DECEMBER 2019

Table 1: Data of the example system.

Bus Impedance of Load of Bus B

A B line A-B (pu) (kVA)

1 4 0.075+0.1i 2000+-1600i
4 5 0.084-0.111 3000+400i
4 6 0.094-0.18i 2000-400i
6 7 0.044-0.041 1500412001
1 8 0.1140.11i 4000427001
8 9 0.084-0.11i 5000+-1800i
8 10 0.114-0.11i 1000+900i
11 9 0.114-0.11i 50004-1800i
9 12 0.084-0.111 4500-1700i1
1 13 0.1140.11i 1000+900i
13 14 0.094-0.12i 1000-11001
13 3 0.084-0.11i 1000+900i
3 2 0.04+0.04i 2100-8001
5 11 0.044-0.04i 600-5001

10 14 0.044-0.04i 1000-11001
7 2 0.094-0.12i 2100-800i

The algorithm is executed 40 times, and different numbers of generations are used, as depicted in Table

Table 2: Results achieved using different numbers of generations.

Execution 10_Generations 20_Generations 50_Generations 100_Generations
1 466.1 kW 466.1 kW 466.1 kW 466.1 kW
2 466.1 kW 466.1 kW 466.1 kW 466.1 kW
3 479.3 kKW* 466.1 kW 466.1 kW 466.1 kW
4 479.3 kKW* 466.1 kW 466.1 kW 466.1 kW
5 466.1 kW 466.1 kW 466.1 kW 466.1 kW
6 466.1 kW 466.1 kW 466.1 kW 466.1 kW
7 483.9 kW* 466.1 kW 466.1 kW 466.1 kW
8 479.3 KW* 466.1 kW 466.1 kW 466.1 kW
9 479.3 kKW* 466.1 kW 466.1 kW 466.1 kW
10 466.1 kW 479.3 kW* 466.1 kW 466.1 kW
Average run-time 2.53 sec 4.32 sec 9.36 sec 17.10 sec

Comparing the proposed algorithm results with the optimal result (466.1 kW) from [44], the algorithm
fails 5 times for 10 Generations in 10 executions, and once for 20 Generations in 10 executions. On the
other hand, the algorithm does not fails either for 50 or for 100 Generations. Hence, it can be inferred from
the results that the proposed reconfiguration algorithm works well when the number of generations is large
enough.

Given that 100 generations has high probability to find the optimal configuration, a maximum number
of generations equal to 100 will be used in the next simulations on this system.

6.2 Unbalanced distribution system

Table 3: Unbalanced load data.

Load per phase(kVA)

Bus A B c Load Type
1 0 0 0 Feeder
2 (1200-1300i)/3  (1200-1800i)/3  (1100-1200i)/3  Icte. - A
3 (2600-1001)/3 (2300-101)/3 (2500-2001)/3 PQ-A
4 (2800+4-1700i)/3  (2200+41500i)/3  (3000+1800i)/3 PQ-Y
5 (20004-1200i)/3  (2200+1100i)/3  (2300+1300i)/3 PQ-Y
6 (3000-6001)/3 (3500-101)/3 (3200-8001)/3 PQ- A
7 (26004-2600i)/3  (2600+2200i)/3  (3100+3100i)/3 Tcte. - Y
8 (42004-2000i) /3 (40004-2001) /3 (4000+100i)/3 Z cte. - Y
9 (1800-14001)/3 (1700-14701)/3 (1750-14801)/3 Icte. -Y
10 (35004-25001)/3  (3400+2400i)/3  (3300+2290i)/3  Zcte. - Y
11 (1300+1300i)/3  (150041100i)/3 (1300+1150i)/3 Z cte. - A
12 (2000-10001)/3 (2500-27001)/3 (2500-37001) /3 Icte. - A
13 (22004-7001) /3 (21004-1000i)/3  (3000+41000i)/3 PQ-Y
14 (41004-1000i)/3  (43004+1200i)/3  (4000+1200i)/3  Z cte. - A
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In order to obtain an unbalanced system similar to a real distribution system, the system loads were modified
given that the original system loads are balanced. The unbalanced loads are shown in Table [3] The other
system parameters remains the same.

6.2.1 Application of GAWS
GAWS is applied in the reconfiguration problem as shown in equation .

Min F =w;.f1(z) + ws. fa(x) (12)

where

fl ($) - Ptotal
fZ(x) = VUFmaz

Based on the aforementioned normalization method, the proposed reconfiguration algorithm is applied
using the initial points w; = 0.5 and ws = 0.5. The CPU time used by the proposed method is around 35
seconds (s), the experimental results are:

Piotar = 543.5EW

VUF 0z = 0.3964%

Table [ presents various optimized solutions for 11 different weights. Ten runs were executed for each
weight and the same outcome was found, due to space limitations, the table displays the outcomes only once.
The CPU time used to obtain each result was approximately the same (35 s).

Table 4: Different weights tested.

Weights Piotat(EW) VUFmaz(%)
w1 = 0.01; we = 0.99 729.75 0.3484
wi = 0.10; w2 = 0.90 729.75 0.3484
w1 = 0.20; w2 = 0.80 627.07 0.358
w1 = 0.30; w2 = 0.70 627.07 0.358
w1 = 0.40; w2 = 0.60 546.08 0.3949
w1 = 0.50; wz = 0.50 543.5 0.3964
w1 = 0.60; w2 = 0.40 543.5 0.3964
w1 = 0.70; w2 = 0.30 543.5 0.3964
wi = 0.80; w2 = 0.20 543.5 0.3964
w1 = 0.90; w2 = 0.10 543.5 0.3964
wi = 0.99; w2 = 0.01 543.5 0.3964

The open switches, the magnitudes of the total real power loss and the highest voltage unbalance index
in the system are detailed in Table [f]

Table 5: Solutions for GAWS.

Open switches n-d-j7 o-d-h o-f-i1 o-e-1

Prorar (kW) 729,75 627,07 546,08 543,5
VUFNax (%) 0,3484 0,358 0,3949 0,3964

Fig. [18 shows the Pareto front obtained from GAWS.

(%)
04 7
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Figure 18: Pareto front for GAWS.
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6.2.2 Application of NSGA-II

NSGA-II algorithm is also applied to the same example. The Pareto-optimal solutions achieved by this
algorithm in ten different runs were identical. For brevity, Table [6] details the Pareto-optimal solutions just
once.

Table 6: Solutions for NSGA-IT algorithm.

Open switches n-d-j o-d-h o-f-h o-h-e o-f-1 o-e€e-1
Prorar (kW) 729,75 627,07 607,45 589,77 546,08 543,5
VUFrax (%) 0,3484 0,358 0,3816 0,3832 0,3949 0,3964

PARETO F.
(non-dominated)

Note that the NSGA-II achieved six optimal solutions, two more than GAWS. The CPU time used by
the NSGA-ITI algorithm is 1min 19s. Fig.[19|shows the Pareto front obtained by the NSGA-II algorithm.

(%)
0,4 7
.. Solutions not found when using

/ weighted sum method
0,39 ¢ /

°
0,38 ] b

0,34 ! 1 1 t 1 (kW)

Figure 19: Pareto front for NSGA-II.

6.3 Extended distribution system

To evaluate the proposed algorithms on a larger system, the unbalanced system is extended, interconnecting
the same system 5 times, as shown in Fig. [20] The new system has 66 buses, 9 sources and 80 switches.
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Figure 20: 66-bus system.
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6.3.1 GAWS for the 66-bus system

GAWS is applied on the new 66-bus system. Eleven algorithm runs are performed through 100 generations
using 11 different weight combinations in order to find each Pareto front. The weight combinations are the
same used in Section The average time for each run (one weight combination) is 4min 17s, remembering
that each Pareto front was found using 11 weight combinations, finding a Pareto front with GAWS (for 100
generations) took approximately 47min 7s. The process was executed 10 times, Fig. depicts the Pareto
fronts found by GAWS, and Table [7] shows the magnitudes of each Pareto front.

Table 7: Pareto fronts’ magnitudes found by GAWS (for 100 generations).

15 11-RUNNINGS  Prorarn(kW) 57122 63284 71058 - - - -
PARETO FRONT ~ VUFunax (%) 0,785  0,7085 0,6002 . . - -
2"d 11 RUNNINGS  Prorar (kW) 5996,7 6187,7 6512,2 6951,6 - - -
PARETO FRONT ~ VUFnax (%) 0,785  0,7471  0,6776  0,5742 . - _
374 11-RUNNINGS  Prorarn(kW) 5937,9 60151 6069,8 61254 6736,3 71223 7861,3
PARETO FRONT  VUFmax(%) 08106 0,785 0,7471 0,746  0,6584 0,6052 0,5914
4*" 11-RUNNINGS  Prorar (kW) 6102,3 6401,3 64684 7078,4 - . -
PARETO FRONT ~ VUFnax (%) 08101  0,7263 0,6998  0,5742 . - -
5'" 11-RUNNINGS  Prorar(kW) 5793,2 6138 6501  6934,9 - - -
PARETO FRONT ~ VUFnax (%) 0,7783  0,7471  0,7165  0,5848 . - -
6'" 11-RUNNINGS  Prorar(kW) 5903 6005  6063,7 6103,1 6642,5 6766,9 :
PARETO FRONT ~ VUFnax(%) 08649 0,7773 0,7768 0,7471  0,6002  0,5742 _
7t" 11-RUNNINGS  Prorar(kW) 5934  6397,7 6975,3 - - - -
PARETO FRONT ~ VUFnax (%) 0,7471  0,7164  0,5742 - . _ _
8" 11-RUNNINGS  Prorarn(kW) 5947,5 6476,6  7070,9 - - - -
PARETO FRONT ~ VUFumax (%) 07471 0,6584 0,5742 B . - -
9'" 11.-RUNNINGS  Prorar(kW) 59749 6166,3 6279,6 8801,3 - - :
PARETO FRONT ~ VUFamax (%) 0,7768 0,7471  0,7386  0,5914 . _ _
10'" 11-RUNNINGS  Prorarn(kW) 5719,6 5992,1  7334,2 . . . :
PARETO FRONT  VUFnax (%) 0,7848 07471 0,6734 _ B _ _

a) Pareto Front from 1%' 11-runnings.
g

(¢) Pareto Front from 3"¢ 11-runnings.

(b) Pareto Front from 2™% 11-runnings.

(d) Pareto Front from 4" 11-runnings.

Figure 21: Pareto fronts achieved by GAWS (for 100 generations).
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(e) Pareto Front from 5" 11-runnings. (f) Pareto Front from 6" 11-runnings.
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(g) Pareto Front from 7*" 11-runnings. (h) Pareto Front from 8" 11-runnings.
(i) Pareto Front from 9*" 11-runnings. (j) Pareto Front from 10*" 11-runnings.

Figure 21: Pareto fronts achieved by GAWS (for 100 generations).

Fig. shows the superimposed results of the 10 Pareto fronts achieved. In each color represents
a specific front. On the other hand, in Fig. 22B] the 11 darker results are the best solutions out of the 41
solutions found throughout the 10 Pareto fronts.

(a) 10 fronts achieved. (b) Best solutions identified.

Figure 22: Superimposed results of GAWS (for 100 generations).

It is interesting to note that all 41 solutions in the 10 Pareto fronts are different; this occurs due to the
huge variety of possible configurations (28°). In large distribution systems like this one, there is always a
possibility of finding better solutions. Therefore, GAWS is applied 10 times again; the number of generations
is increased to 200 in order to have more chances of achieving better results.

The average time for each run (one weight combination) through 200 generations is 9min 05s, finding
a Pareto front took approximately 1h 39min 55s. The process was executed 10 times, Table [§ shows the
magnitudes of the 10 Pareto fronts achieved. It is noted that the results were improved when compared to
the 100 generations case.
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Table 8: Pareto fronts’ magnitudes found by GAWS (for 200 generations).

1°* 11-RUNNINGS  Prorar(kW) 5887  6324,9 6486,9 6877,3 -
PARETO FRONT VUFmax (%) 0,7773  0,7165  0,6928 0,5742 B
2"% 11-RUNNINGS  Prorar (kW) 5697  5899,9 6209  6538,1 6821
PARETO FRONT VUFmax (%) 0,7471  0,7366  0,6975 0,5946  0,5742
374 11-RUNNINGS  Prorar (kW) 5603,9 6181,6 6847,3 - -
PARETO FRONT VUFrmax (%) 0,7773  0,7471  0,5742 - E
4" 11-RUNNINGS  Prorar (kW) 57889  6127,1 64225 7222,6 8004,3
PARETO FRONT VUFmax (%) 0,7471  0,7164 0,6801 0,6734 0,6052
5" 11-RUNNINGS  Prorar (kW) 5584,3 5969  6651,4 6829,1 -
PARETO FRONT VUFyax (%) 0,8754  0,7164  0,6002  0,5742 B
6" 11-RUNNINGS  Prorar(kW) 57654 5899,9 6978,1 - -
PARETO FRONT VUFyax (%) 0,785  0,7366  0,5742 - -
7" 11-RUNNINGS  Prorarn(kW) 5789,4 5969  6218,9  6747,2 -
PARETO FRONT VUFamax (%) 0,7471  0,7164 0,6975 0,5742 B
8" 11-RUNNINGS  Prorar(kW) 5580,9 5997,4 6079,8 6422,3 6761,5
PARETO FRONT VUFnax (%) 0,785 0,7848  0,7471  0,7085  0,5742
9t" 11-RUNNINGS  Prorar (kW) 5920,3 59353 5969  6675,1 -
PARETO FRONT VUFyax (%) 0,8818 0,8125 0,7164  0,5742 -
10" 11-RUNNINGS  Prorar(kW) 5879,4 6129,7 6637,8 6721,4 -
PARETO FRONT VUFamax (%) 0,7848 0,7164 0,6734 0,5742 E

All Pareto fronts are depicted in Fig. each color of Fig. represents a specific front. As in the
previous study (100 generations case), the 10 Pareto fronts, all together, have 41 solutions. These 41 results
have 5 repeated solutions, the 9 darker results of Fig. are the best solutions out of the 41 solutions.

(a) 10 fronts achieved. (b) Best solutions identified.

Figure 23: Superimposed results of GAWS (for 200 generations).

6.3.2 NSGA-II for the 66-bus system

NSGA-II is also applied on the new 66-bus system. Firstly, 10 independent runs are performed for 100
generations, and secondly, the same number of simulations are executed for 200 generations.

(a) 10 fronts achieved. (b) Best solutions identified.

Figure 24: Superimposed results of NSGA-IT (for 100 generations).

Table [0 shows the magnitudes of the 10 Pareto fronts for 100 generations; the average time for each run
is 7min 32s. The algorithm found 26 repeated solutions out of the 48 solutions achieved in the 10 Pareto
fronts.
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The 10 Pareto fronts achieved for 100 generations are shown in Fig. [24] each color of Fig. represents
a different front. The 5 darker results of Fig. represent the best solutions of the fronts.

Table 9: Pareto fronts” magnitudes found by NSGA-II (for 100 generations).

1°* RUNNING Prorar (kW) 5860,6 5873  5964,3 6138,6 6707,4 -
PARETO FRONT = VUFyax (%) 0,7848 0,7773 0,7164 0,6975  0,5742 -
2t" RUNNING Prorar (kW) 5860,6 5877,6 5947,7  5989,5 - -
PARETO FRONT = VUFyax (%) 0,7848 0,7773  0,7768  0,7471 - -
37¢ RUNNING Prorar (kW) 5858  5950,3 5980,8 6068,6  6714,7 -
PARETO FRONT ~ VUFamax(%) 0,7848 0,7768 0,7164 0,6975 0,5742 -
4" RUNNING Prorar (kW) 5829,8 6117,7 6686,5 6777,8 6811,8 -
PARETO FRONT = VUFyax (%) 0,7848 0,6975 0,6964 0,6594 0,5742 -
5t" RUNNING Prorar (kW) 5687,1 5964,3 6138,6 6725  6744,9 -
PARETO FRONT = VUFyax (%) 0,7471 0,7164 0,6975 0,6801  0,5742 -
6" RUNNING Prorar (kW) 5829,8 6117,7 6543,6 6554,4 - -
PARETO FRONT VUFyax(%) 0,7848 0,6975 0,6056  0,5742 - -
7t" RUNNING Prorar (kW)  5847,2 5854,7 5873  5943,1  5989,5 -
PARETO FRONT VUFyax(%) 0,8818 0,785  0,7773 0,7768  0,7471 -
8" RUNNING Prorar (kW)  5850,7 5964,3 6153,4 6707,4 - -
PARETO FRONT ~ VUFyax (%) 0,7848 0,7164 0,6975  0,5742 - -
9t" RUNNING Prorar (kW)  5826,4 5829,8 5852,1 5922,2 59553 -
PARETO FRONT ~ VUFmax (%) 0,8818 0,7848 0,7773 0,7768  0,7471 -
10" RUNNING Prorar (kW) 5826,4 5833,9 5852,1 59222 59553 7070,3
PARETO FRONT VUFmax(%) 0,8818 0,785  0,7773 0,7768 0,7471  0,7352

Table [10| shows the magnitudes of the 10 Pareto fronts for 200 generations; the average time for each run
is 15min 48s. The algorithm found 46 repeated solutions out of the 66 solutions achieved with the 10 Pareto

fronts.

Table 10: Pareto fronts’ magnitudes found by NSGA-II (for 200 generations).

15t RUNNING Prorap (kW) 55481  5570,5 5640,6 5661,7 5836,1 6404,9 6481,9 - -
PARETO FRONT ~ VUFyax (%) 0,7848 0,7773 0,7768 0,7164 0,6075  0,6002  0,5742 - .
24 RUNNING Prorar (kW) 55481 5661,7 5836,1 6110  6324,8 6404,9 6481,9 - -
PARETO FRONT ~ VUFnax (%) 0,7848 0,7164 0,6975 0,6776  0,6584  0,6002  0,5742 B .
37 RUNNING Prorar (kW) 58298 59222 59434 6117,7 6686,5 67214 . . -
PARETO FRONT ~ VUFyax (%) 0,7848 0,7768 0,7164 0,6975  0,6964  0,5742 - - -
4" RUNNING Prorar (kW)  5850,7 5964,3 6138,6 6707,4 - - - - -
PARETO FRONT ~ VUFnax (%) 0,7848 0,7164 0,6975 0,5742 - - . - .
5" RUNNING Prorar (kW) 55481 5570,5 5640,6 5661,7 5836,1 6110  6324,8 6404,9 6481,9
PARETO FRONT ~VUFmax (%) 0,7848 0,7773 0,7768 0,7164 0,6975 0,6776 0,65684 0,6002  0,5742
6" RUNNING Prorar (kW) 58298 5852,1 59131  6391,7 6401,8 67147 - . .
PARETO FRONT ~ VUFyax (%) 0,7848 0,7773  0,6975 0,6964  0,6584  0,5742 - . .
7t" RUNNING Prorar (kW) 55481 55705 5640,6 5661,7 5836,1 6404,9 6481,9 - .
PARETO FRONT ~ VUFpax (%) 0,7848 0,7773  0,7768 0,7164  0,6975  0,6002  0,5742 - B
8" RUNNING Prorar (kW) 58472 5850,7 5873  5943,1 5964,3 6138,6 6707,4 - -
PARETO FRONT ~ VUFnax (%) 08818 0,7848 0,7773 0,7768 0,7164  0,6975  0,5742 - B
9*" RUNNING Prorar (kW)  5544,7 5552,3 5570,5 5640,6 5676,3 6121 - - .
PARETO FRONT ~ VUFnax (%) 08818 0,785  0,7773 0,7768 0,7471 0,74 B . .
10" RUNNING Prorar (kW) 58264 58339 58521 59222 59553 64126 6632,1 . .
PARETO FRONT ~ VUFpax (%) 0,8818 0,785  0,7773  0,7768  0,7471  0,6776  0,6584 - .

Fig. shows all Pareto fronts for 200 generations, each color of Fig. represents a different
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The 10 darker results of Fig. represent the best solutions of the fronts.

front.



CLEI ELECTRONIC JOURNAL, VOLUME 22, NUMBER 3, PAPER 9, DECEMBER 2019

(a) 10 fronts achieved. (b) Best solutions identified.

Figure 25: Superimposed results of NSGA-IT (for 200 generations).

6.3.3 Comparison of algorithms

In order to observe the performance of each proposed algorithm, either for 100 or 200 generations, the best
results of the 10 Pareto fronts of GAWS and NSGA-II are compared. Table [11] shows the best solutions
found throughout the 10 fronts of each case.

Table 11: Best solutions’ magnitudes out of the 10 fronts.

GAWS Prorar (kW)  5712,2  5719,6  5793,2 5934 6125,4  6279,6  6328,4  6468,4  6476,6  6642,5  6766,9
100 generations ~ VUF ;4 x (%) 0,785 0,7848  0,7783  0,7471 0,746 0,7386  0,7085  0,6998  0,6584  0,6002  0,5742
NSGA-II Prorar (kW)  5687,1  5964,3  6068,6  6543,6  6554,4
100 generations VU Fpz 4 x (%) 0,7471 _ 0,7164 _ 0,6975 _ 0,6056 _ 0,5742
GAWS Prorar (kW)  5580,9  5603,9 5697 5899,9 5969 6209 6422,5  6538,1  6675,1
200 generations VU Fps 4 x (%) 0,785 0,7773 _ 0,7471 __0,7366 _ 0,7164 _ 0,6975 _ 0,6801 _ 0,56946 _ 0,5742
NSGA-II Prorar (kW)  5544,7  5548,1  5570,5  5640,6  5661,7  5836,1 6110 6324,8  6404,9  6481,9
200 generations ~ VUF s A x (%) 0,8818  0,7848  0,7773 _ 0,7768 _ 0,7164 _ 0,6975 _ 0,6776 _ 0,6584  0,6002  0,5742

Fig. depicts the comparison between GAWS and NSGA-II for 100 generations. Fig. compares
the average running time of each method. Each algorithm execution of NSGA-II took approximately 452
seconds, and achieving the 10 optimized fronts required 10 algorithm executions in approximately 4520
seconds (1h 15min 20s). On the other hand, one single run of the GAWS took nearly 257 seconds, finding
the 10 optimized fronts required 110 algorithm executions in approximately 28270 seconds (7h 51lmin 10s).
There is a huge difference in the overall running time between the methods; the difference is nearly 23750
seconds (6h 35min 50s) in favor of NSGA-II.

Fig. shows the best solutions of each method found throughout the 10 fronts. Five solutions form
the NSGA-II front while GAWS has a larger front with 11 solutions. Despite GAWS was able to find more
results, the NSGA-IT solutions dominate most of the GAWS results, except the marked solution, emphasizing
the advantage of using NSGA-II over GAWS.

(a) Average execution time. (b) Best solutions identified.

Figure 26: Comparison results between GAWS and NSGA-IT (for 100 generations).

In Fig. the comparison between GAWS and NSGA-II for 200 generations is made. The average
running time of each method is shown in Fig. Each execution of NSGA-II took approximately 948
seconds, and achieving the 10 optimized fronts required 10 algorithm executions in approximately 9480
seconds (2h 38min). On the other hand, one single run of the GAWS took nearly 545 seconds, finding the 10
optimized fronts required 110 algorithm executions in approximately 59950 seconds (16h 39min 10s). Again,
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there is a huge difference in the overall running time between the methods; the difference is nearly 50470
seconds (14h 0lmin 10s).

The best solutions of each method found throughout the 10 fronts are depicted in Fig. 27b} In the
200 generations case, the NSGA-II algorithm found more solutions than the GAWS solutions, 10 against
9 solutions. In addition, the NSGA-II solutions dominate all GAWS solutions, experimentally proving the
advantage of using NSGA-II.

(a) Average execution time. (b) Best solutions identified.

Figure 27: Comparison results between GAWS and NSGA-IT (for 200 generations).

Fig. 28| depicts the best configurations found throughout the 10 fronts of each case. Comparing all fronts,
it is clearly noted that the Red front (NSGA-IT for 200 generations) dominates all other results.

Figure 28: Best configurations found by each method.

Given that the Power Losses values are considerable larger than the Unbalanced Voltage measures, we
decided to normalize both objective functions before calculating the corresponding Hypervolume Indicator.
Therefore, both objective functions are divided by the largest value of all fronts, i.e. Power Losses values
are divided by 6766.9 kW while VUF is divided by 0.8818. Fig. displays the normalized results and the
reference point (P) set on coordinates (1.1, 1.1).

1,2

1,1 °

)
%o ONSGA-II (200 gen.)
® 09 | @poo
~ ® &® O o ® NSGA-I1 (100 gen.)
< 08 010 ®g-0910
= 0= 50 OGAWS (200 gen.)
07 O GAWS (100 gen.
°f%o0 LD
06 ®P(11,11)
05
08 08 09 095 1 1,05 11 115 1,2 125
(kW / 6766.9)

Figure 29: Best configurations normalized and reference point (P).

Now, the equation is applied to determine each HV. The results achieved are as follows.

HVgaws—100 = 0,0896 (13)
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HVysgarr—100 = 0,0961 (14)
HVgaws—200 = 0,0992 (15)
HVysaarr—200 = 0,1069 (16)

where Vaaws—100 < HVNscarr—100 < HVgaws—200 < HVNsGarr—200-
The performance of the four Pareto Fronts are evaluated comparing their HV, and again, it is verified
that NSGA-II has a better performance than GAWS.

7 Conclusion and Future Work

For the first time in the literature, this paper presents a comparative study of two approaches in a multi-
objective context to optimize an unbalanced three-phase distribution reconfiguration system. The proposed
models have different perspectives to find the Pareto-optimal solutions. On one hand, GAWS adapts the
multi-objective problem into a single objective GA and the algorithm is running several times to find different
solutions. On the other hand, NSGA-II algorithm is able to find multiple Pareto-optimal solutions in one
single run.

Besides GAWS and NSGA-II, other algorithms were combined to achieve the optimization model, such as
the three-phase power flow algorithm, as well as Prim and Kruskal algorithms. The bibliographic information
used shows that Forward and Backward Sweep is one of the most effective three-phase power flow algorithms
for distribution systems, so this algorithm was applied to evaluate all individuals during the reconfiguration
process. In addition, the Prim and Kruskal algorithms were compared, and it was found that in the classical
approaches, the Prim’s algorithm is faster on dense graphs; while Kruskal’s is faster on sparse graphs, but
Prim’s algorithm can be improved using pairing heaps, which makes Prim’s implementation the fastest
practical choice for both sparse and dense graphs. Thus, the improved version of Prim algorithm was
implemented to fix infeasible configurations generated by genetic operators.

Experimental results show that despite a single run of GAWS is faster than the NSGA-IT algorithm,
finding most solutions of the Pareto set takes longer. In the first study, a small distribution system was used,
which gave the chance of exploring a large part of the search space, and it was demonstrated that sometimes
the GAWS might be unable to find all Pareto-front solutions. The second study case tested the algorithms
in a complex system, with a larger search space; in this study, results show that the NSGA-II normally leads
to better results in optimizing unbalanced three-phase distribution systems through reconfiguration.

In conclusion, from the presented experimental results we can recommend the use of NSGA-II to solve
the reconfiguration problem when a set of configurations is needed, because a single run can reach most
solutions giving a variety of good configurations to the decision maker.

Future works should consider that distribution systems are subject to suddenly suffer power outages,
which result in tremendous economic losses. In these cases, there is no much time to take decisions and
having a quick response is necessary; therefore, other reconfiguration algorithms should be tested under
emergency situations. Furthermore, more constraints may be added to the reconfiguration problem, such
as time of power restoration, number of switch operations, availability of remote operation equipment and
power crews, among other alternatives.
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