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a  b  s  t  r  a  c  t

Distribution  network  reconfiguration  problem  is simply  aimed  at finding  the  best  set  of  radial  configu-
rations  among  a huge  number  of possibilities.  Each  solution  of  this  set ensures  optimal  operation  of the
system  without  violating  any  prescribed  constraint.  To  solve  such  problem,  it is  important  to  count  on
efficient  procedure  to enforce  radiality.  In  this  paper,  we propose  a  reliable  approach  to  deal  properly
with  topology  constraint  enabling  algorithm  convergence  toward  optimal  or  quasi-optimal  solutions.  A
simple and  practical  codification  of  individuals  used  in  evolutionary  algorithms  to  solve  the generalized
reconfiguration  problem  is detailed  in this  paper.  Mathematical  formulation,  algorithm,  and  simulation
ulti-objective
onstrained optimization problem
raph theory

results  are  presented  for  the  distribution  reconfiguration  problem,  incorporating  a  new  representation
scheme  which  is  immune  to topologically  unfeasible  possibilities.  The  individual  interpretation  proce-
dure  is straight  and  it demands  no  additional  data  structure  or  graph  preprocessing.  Comparisons  are
made for  five  well-known  distribution  systems  to demonstrate  the  efficacy  of  the  proposed  methodol-
ogy.  It  is also  demonstrated  that optimal  configurations  are  properly  surveyed  when  single  or  multiple
sources  are  dealt.
. Introduction

Reconfiguration is often employed in distribution networks to
mprove their operating conditions which are guided by common
heoretical indexes such as power loss and voltage deviation. As a

atter of concern, reconfiguration of such networks can be done
nly if system security is preserved. The distribution feeder recon-
guration, known as the DFR problem in short, is understood as
ltering the interconnections between busses by means of switch-
ng on and off the connecting lines. As stated by Zhu [1],  DFR
ptimization problem consists in finding feasible configurations
ver a meshed structure which may  be able to improve objec-
ives as much as possible while operating constraints are satisfied

1]. In this sense, the radial topology is preferred over others due
o the coordination of protective devices at lower financial costs
nd lesser vulnerability against overcurrent. The DFR problem is
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highly combinatorial since the number of possible configurations
increases exponentially according to the number of NW maneu-
verable switches (sectionalizing and tie-switches included) in the
distribution network [2,3]. Due to it, feasible configurations set
belong to a small fraction of the space delimited by topological and
electrical constraints which is a challenge for most of the searching
methods.

The DFR problem is characterized as being a multimodal and
combinatorial optimization problem, generally described by a set
of nonlinear and non-differentiable functions. Being a NP-complete
problem [4,5], there is no known method able to provide exact
solution within a reasonable time. Its complexity weakens the
effectiveness of any pre-established guideline unless the approach
is restricted to particular network structure, as expert systems are.
Exact solution (or optima set) is obtained by sweeping the entire
search space to find every feasible configuration. This exhaustive
procedure requires intensive computing to evaluate 2NW combina-
tions. In real-world distribution networks, maneuverable switches
are numerous and the computational effort spent to find the
pareto-optimal solutions (PoS) becomes prohibitive as we will

demonstrate in this paper. Despite of problem dimensionality,
larger search spaces implicate on more opportunities for greater
losses reduction and better system operating conditions probed by
means of reconfiguration [6].
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One of the main challenges closely related to the discrete and
ombinatorial nature of DFR problem is the representation of
olutions. In this article, codification is our main concern and a
omplete scheme to represent, interpret and recombine solutions
s described. As stated in [7,8], the individual representation deter-

ines the success or failure of the optimization procedure tackled
y any evolutionary algorithm. This paper keeps its focus on a novel,
imple and generic, but not less efficient, individual codification
hat needs no additional computation to repair individuals or spe-
ial genetic operator customization. Our strategy works for single
nd multiple sources as well as for networks where some of the
ines have no switches. From the experiments, we have clear evi-
ence that our scheme does not disturb the convergence of the
volutionary algorithm. It trusts on a proper individual interpreta-
ion which is done gradually to avoid topology violation such as bus
slanding or loop. The way the individual is built and modified sat-
sfies many properties required for encoding techniques reported
y Raidl [9],  such as feasibility and bias. The decoding procedure
as lower complexity keeping the search space coverage at a rea-
onable level. Although we have applied our codification scheme
o an NSGA-II [10] implementation, it is also adaptable to any other
opulation-based meta-heuristic search technique.

This paper is organized as follows. In Section 2, related works
re discussed and their main drawbacks and specialties are com-
ented. The restricted multi-objective formulation to the feeder

econfiguration problem is given in Section 3. In Section 4, details
bout our codification scheme and associated stochastic operators
re provided justifying the usefulness of the proposed method-
logy. Finally, experimental results are shown in Section 5 while
oncluding remarks of this work are summarized in Section 6.

. Previous works

In the last three decades, much work has been dedicated to
mprove methodologies and adapt the algorithms which deal with
FR optimization problem, making them proper, faster and more

obust in searching for global optima, especially when large-sized
istribution networks are dealt. Initially, heuristic techniques were
hought to be the best option due to the combinatorial nature of DFR
roblem. Many proposals as the methods reviewed by Sarfi [11]
ange from pure heuristics [6,12–14] to blended methods [15–17].
hey were widely employed in the past to solve DFR problem and
hey are still being used [18–21].  Nonetheless, those methods are
usceptible to landscape entrapments and regions of attraction cre-
ted by local optima. To overcome such drawbacks, evolutionary
lgorithms have been a promising class of techniques in solving
ombinatorial problems satisfactorily. Although these techniques
ere first introduced to the DFR problem by Nara using classical

enetic algorithms in the 1980s [22], the performance of such algo-
ithms has been hardly affected by the chromosome representation
ver since [23,24]. Since then, several skillful codification schemes
ave already been proposed by researchers in order to properly
eal with topology check which is considered the main hurdle
f the DFR problem [25]. On binary coding, bit 0 (1) convention-
lly denotes an open (closed) switch of the distribution network
22,26]. From technical viewpoint, codification schemes have been
lassified in two main types: node encoding and branch encoding.
f course, secondary encoding strategies conceived as a combina-

ion of the two previous codifications have also been proposed like
ath-to-node [27], matroid theory, [28] and network random key
7].
This brief review focused on the main contributions of codifica-
ion applied to meta-heuristic techniques found in the specialized
iterature. Particularly, our codification scheme is derived from Car-
eno’s proposal [29]. In that work, he presented a branch encoding
 Systems Research 97 (2013) 19– 33

approach which aimed on better application of stochastic opera-
tors. Its chromosome contained NL genes which were grouped into
two parts to represent active and inactive lines. A time-consuming
local search was  employed in place of mutation operator. This local
improvement step worked as a limited brute force trying all pos-
sible combination derived from the best solution known hitherto.
To efficiently implement it, knowledge about loops and paths to
substation were required in advance at the expense of additional
processing. Carreno’s strategy may  degrade diversity on the cur-
rent population leading to local optima. His integer codification has
followed previous schemes based on strings, presented by Hsiao
[23], Shin [30], Huang [31], and Kumar [32]. Although being easy
to implement, those strings (characterisc vectors) are longer as the
network size increases. Aiming at more concise representations,
Zhu [1] coded only the open switches of a distribution network.
The suggestions came from Zhu brought some efficiency to the rep-
resentation proposed by Nara [22] to the landscape searching and
to the algorithm itself with the shortening of chromosome length.
Other simpler node encoding representations adopted integer cod-
ification focusing more on the content of the individual than on
the stochastic operator functionalities. To cite a few works, pre-
decessor node [33] and predecessor node with restricted alphabet
[34] could be pointed out. Thus, those strategies soften the individ-
ual interpretation but feasibility assessment becomes burdened.
Milani [35] also employed a chromosome structure dividing genes
into groups of substrings to represent, in a binary form, the set
of branches pertaining to the same loop. To improve the search
throughout the viable space, he adopted a scattered crossover and
mutation with variable rate as genetic operators. Adopting a vari-
able length differential vector, Lin [36] coded only switches whose
status were modified. As an alternative, Lin also proposed a par-
tial non-random initial population and a probability rate shared by
both crossover and mutation operators to enable balance between
exploration and exploitation fed back by the actual performance of
the algorithm. Following a quite different strategy, Mendoza [37]
also used an integer codification to enumerate open switches in the
network. His work was primarily based on graph/topological anal-
ysis. As a consequence, his strategy demanded preprocessing to
generate a lookup table of fundamental loops. Any further descrip-
tion about repair mechanism was not provided which could be
probably based on hit and trial. Swarnkar [25] conceived an indi-
vidual encoding, as Mendoza did, whose application was  guided by
a set of rules along with concepts on graph theory. In that work,
the optimization process should start up from an initial solution
found by a branch-exchange heuristic [13]. As in [37], this strategy
demanded supplemental information about the system under anal-
ysis. It is noteworthy that this preprocessing stage is much costly
for meshed and larger structures. Furthermore, the rate of success-
ful crossovers decreases with the number of loops in the network
[28]. Even adopting a similar chromosome structure to Carreno’s
proposal, our representation scheme is submitted to a different
interpretation which is the key to ensure immunity to unfeasible
solutions that would be produced by an evolutionary algorithm
(EA). In our proposition, there is no effort applied to avoid or repair
unfeasible offspring, since we simply circumvent these obstacles by
means of a flexible interpretation. Avoiding most of the drawbacks
seen in the references above is our main concern.

3. DFR mathematical model

Once DFR optimization problem is closely related to con-

figuration, optimization variables should reflect somehow the
interconnections among busses. Commonly, any configuration c
can be described by on/off statuses of the NW switches. A binary vec-
tor swc (swc = [swc

1 . . . swc
q . . . swc

NW
]) is a possible representation
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o the network where the qth element indicates whether the cor-
esponding switch is open (swc

q = 0) or closed (swc
q = 1), regardless

ts type (tie or sectionalizing). Instead of using a conventional
inary vector, an integer vector is employed to code a con-
guration that will be interpreted in a sequential mode. We
epresented this same integer vector by the equivalent binary
ype to allow a systematic analysis of our proposition described
n our mathematical model below. The objective functions for DFR
roblem are, in general, nonlinear and non-continuous with sev-
ral local optima [38]. Some authors [8,31] have already been
reating multi-objective formulation for the DFR problem as a
ombination of the objectives into one single weighted func-
ion. As a consequence, actual non-dominated solutions may
ot have been attained. Here, we present the most common
riteria employed on reconfiguration cases along with critical con-
traints.

.1. Objectives

In the multi-objective formulation presented here, the real
ower losses (PL) have to be minimized:

L(sw) =
∑

i ∈�,q ∈W

swc
q · Re(Zi) ·

∣∣Ii
∣∣2 +

∑
i ∈ �

Re(Zi) ·
∣∣Ii

∣∣2
(1)

n which � ⊂ L and W ≡ ω ∪ ω. For multiple source systems, total
ower losses are obtained from the summation of partial power

osses associated with each feeder, as stated in [3].  It is also impor-
ant to keep bus voltage profile as flat as possible, represented by
he voltage deviation index (VDI) and defined as in [31]:

DI(sw) = 1
NB

ϑ(k, swc) ·
∣∣Vk − Vnom

k

∣∣ (2)

herein ϑ (k, swc) denotes a boolean function indicating if bus
s energized (ϑ (k, swc)=1) or not (ϑ (k, swc)=0) according to the
tatuses of the NW switches. This criterion was explicitly written in
erms of decision variables swc

q to emphasize its interdependence
ith those variables. For multiple source systems, an averaged VDI

an be calculated:

DI = 1
NR
·

NR∑
t=1

VDIt (3)

The next criterion is the Current Loading Index (CLI) responsible
or loading equalization across the network in order to reach the

inimal acceptable current flowing through all lines. Thus, smaller
he value better is the configuration, defined as [31]:

LI(sw) = 1
NL
·

⎡
⎣ ∑

i ∈ �,q ∈ W

swc
q ·

Ii
Imax
i

+
∑
i ∈�

Ii
Imax
i

⎤
⎦ (4)

Similarly, CLI for multiple sources is calculated considering
very line in the system. From the viewpoint of practical config-
ration attainment, it is important to consider time feasibility to
erform maneuvers. Thus, the inter-distance between initial and
argeted configurations is a reasonable measure to indicate migra-
ion complexity. So, this criterion named number of switching (NS)
eeds to be minimized also:

S(sw) = swc − sw0 =
∑
q ∈ W

∣∣swc
q − sw0

q

∣∣ (5)
herein swc and sw0 stand for switch status vectors corresponding
o the candidate and initial (referenced) configurations, respec-
ively. Extension to multiple sources is straightforward because all
W switches are taken into consideration. Several works pointed
 Systems Research 97 (2013) 19– 33 21

out that DFR optima set should be found regardless the initial con-
figuration of the feeders [6,13,17], but final solution set is surely
affected by NS,  since it restricts switching.

3.2. Equality and inequality constraints

For a more realistic approach, several constraints must be
added to the restricted version of the DFR problem. Some of these
restrictions cannot be straight coded into individuals and thus
violation must be evaluated while fitness is computed as usual.
Other constraints can be easily incorporated into individuals due
to codification. According to Lopez [39] and Mendoza [37], radiality
constraint can be satisfactorily described by:

NB − NR = ‖�‖ +
∥∥�

∥∥ (6)

in which � represents the set of powered lines such that � = {i :
∃!q, swc

q = 1 ⇒ q ∪ ω ⇔ i ∪ �, �\i, ∀i ∈ �}. Although needed, Eq. (6)
is not enough for multiple sources. A more complete description is
given as follows:

‖�‖ +
∥∥�

∥∥ = NL −
∥∥�

∥∥ = NB − NR (7a)
∥∥�

∥∥ = NL = NL − NB + NR (7b)

wherein �̄ = {i : ∃!q, swc
q = 0 ⇒ q ∪ ω ⇔ i ∪ �, �\i, ∀i ∈ �} stands

for the open switches set and NR denotes the number of trees (NT)
to be obtained for an overall feasible configuration. For topology
restriction, the single path condition must ensure that every load
bus in the system can only be reached by one single source through
a unique path. In this sense, the supplementary equations are given
below:

NR∑
r=1

�(k, r, swc) = 1, ∀k = 1, . . . , NB (8)

wherein � is a boolean function returning one (zero) to indicate
that bus k is fed (not fed) by source r. The status of switch swc

q
which delivers power to kth bus depends on the status of the next
upstream switch swc

q−1:

�(k + 1, r ′, swc) ≤ �(k, r ′, swc) ⇔ �({k, k + 1}, r ′′, swc) = 0 ∀r ′′ /=  r ′

k, k + 1 ∈ B, r ′, r ′′ = 1, . . . , NR

(9)

in which bus k is assumed to be closer to source r than bus k + 1. Eqs.
(7)–(9) hold for any set of trees representing a viable configuration
c. The next restriction defines the upper and lower limits for bus
voltages:

Vmin
k ≤ Vk ≤ Vmax

k , ∀k = 1, . . . , NB (10)

Known also as thermic limit, line ampacity must also be obeyed:∣∣Ii
∣∣ ≤ Imax

i , ∀i ∈ L (11)

Finally, none of the NR sources is admitted to be overloaded.
Power demand of the busses fed by source r must not exceed its
power availability Smax

r when considering lines losses (LLr) associ-
ated with each rth tree:∣∣∣∣∣

NB∑
k=1

�(k, r, swc) · (Pk + jQk) + LLr

∣∣∣∣∣ < Smax
r , ∀r = 1, . . . , NR (12)

In Eq. (11), line losses can be computed through an expres-
sion very similar to Eq. (1) in which Re(Zi) shall be replaced by Zi.
Added to topological constraint, equality constraints include load-

flow equations given by Kirchhoff voltage and current laws. They
are generically represented here as:

˚(swc) = 0 (13)
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Fig. 1. Chromosome interpretation scheme.

. Approach outline

Although evolutionary search techniques do not necessarily
uarantee global optima, they are well suited to problems such
s DFR. Because they tend to avoid entrapments offered by local
ptima during the search, global optima are more likely to be
eached and therefore better performance can be attained than
mploying pure heuristics or non-evolutionary meta-heuristics. In
his work, reconfiguration optimization is performed through an
volutionary algorithm based on the NSGA-II [10]. Some adaptions
re suggested to improve the overall performance of the applica-
ion as well as its suitability to the addressed problem. Most of
he reviewed proposals seen in Section 2 have specific procedures
o validate configurations found along the optimization process.
ven supposing that evolutionary search process starts up from

 feasible population, unfeasible offspring may  be produced by
sing common genetic operators. In those cases, it is necessary to

mplement one of the following typical options: (1) chromosome
epairing; (2) genetic operator reapplying; or (3) chromosome dis-
ard. These procedures not only require additional computation
ut they also distort the paradigm of natural evolution [7].  If the

mplemented algorithm ensures feasibility for every single solution
roper to DFR problem, thus running time required by evolution-
ased approaches can be considerably reduced. Ideally, an encoding
lgorithm must perform a straight translation between any pos-
ible configuration to its equivalent chromosome representation.
eversely, a decoding algorithm is also needed for the interpreta-
ion of the chromosome.

.1. Codification and individual interpretation

Chromosome coding scheme is an important issue to the success
f an evolutionary algorithm application. The codification may  sup-
ort good convergence for EA supposing that it has some desired
roperties. As already known, an efficient codification ensures cov-
rage and bias, demands minor complex adaptions on stochastic
perators and causes no harm to population diversity [29]. Any
xtra computation for configuration validation or repairing must
e avoided as much as possible. Here, any possible network con-
guration is represented through an ordered integer array as seen

n Fig. 1. Assuming that each switchable line belonging to the set
 is identified by a unique integer, gene alleles can assume any of

hose values. Thus, there is no concern about validity of the ordered
hromosome since it is the interpretation or decoding procedure
ho maps any chromosome content into a feasible configuration.

his interpretation procedure is sequential as in [8] but this pro-
osal does not demand preprocessing as in [8,36,37]. To decode
hromosome, a simple algorithm to be described in the next sec-
ion is carried out. The represented configuration F  is retrieved by

eans of a unidirectional sweep made over genes, conventionally
efined in the implementation (from left to right, for example). Dur-

ng this interpretation, sets � and � are naturally obtained which
s useful information to be applied in a kind of mutation explained

n Section 4.3.  This simplicity about the decoding procedure is
ue to the straight correspondence between graph representa-
ion and coding scheme. It also leads to efficiently computation,
lthough chromosome length is proportional to the number of
 Systems Research 97 (2013) 19– 33

switchable lines. As we previously know the desired cardinalities
of � and �, sweeping all the chromosome genes is not always
needed once the number of lines to be kept closed have already
been found. On average, ‖�‖ +

∥∥�
∥∥/2 positions will be swept. Thus,

decoding time varies from chromosome to chromosome. It is note-
worthy to mention that repairing, which weakens locality and
heritability properties, is needless in our approach since unfea-
sible solutions are circumvented by the way genes are decoded.
Neither loop detection procedure is demanded. Besides that, com-
plementary data structure is not used and hence this approach does
not require considerable memory space as in [40]. Being suited
for full-connected or sparse graphs, our decoding procedure does
not impose any restriction to chromosome values and all possible
sequence combination can always be mapped into a feasible config-
uration. Distinctly from Carreno [29], in our coding scheme genetic
operators are not susceptible to gene positioning in order to ensure
offspring feasibility. Also, our scheme does not employ matrices as
found in [8] and it performs any operation directly on the graph
which represents the network. The correspondence property [9,24]
is not hold for the proposed representation since it is possible to
a given configuration be described by two  or more distinct vec-
tors. However, the same occurred for other techniques: main chain
[38], edge set [9],  and matroids [28]. The mentioned drawback is
demonstrated to be harmless to the optimization due to the results
attained by experimental simulations, as seen in Section 5.

4.2. Labeling constructive algorithm

The labeling constructive algorithm (LCA) is a constructive-like
branch encoding strategy oriented through graph analysis which is
employed here to create any configuration. Let G (B, L) be a con-
nected and undirected graph on B where B =

{
1, 2, . . . , NB

}
is the

set of nodes (busses) and L is the finite set of edges (lines). Better
said, the set of unordered pairs represents pairs

{
k, l

}
∈ B × B of

distinct nodes connected (k /= l) indeed. We  developed a simple
and straight algorithm capable of building trees from any graph
G. In case of multiple sources G, must represent a forest instead
of a single tree, since distribution systems operate as a group of
radial feeders [1].  Thus, let F(G; NB) denote a group of all set of
viable NR trees with NB busses obtained from G containing no
cycles.

The key of the LCA is the label assignment made to each
graph node. Those labels shall assume positive, negative or zero
values indicating an energized node, non-energized node or non-
assignment, respectively. The edges are identified with unique
positive numbers. In our approach, there is no need to know fun-
damental loops as well as the edges which constitute them. Unlike
Kruskal [41] and Prim [42,43] algorithms, the LCA can easily cre-
ate a forest and it is generic enough to handle graphs under any
level of construction. In Algorithm 1, the main steps of the LCA
are given. Being proper to reconfiguration or restoration cases,
single source or multiple sources, its implementation is rather
straight and no major modifications must be done on genetic oper-
ators, as we will see in Section 4.3. On edge inclusion analysis
mentioned in line 12 of Algorithm 1, two basic rules must be
adhered:

(I) edge e cannot be included if (i) end nodes have positive labels,
or (ii) they have identical negative values;
(II) edge e is allowed to be included whenever (i) one of the two
end nodes is zero labeled, or (ii) they are labeled with distinct
negative values, or (iii) one label is positive while the other is
not positive.
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lgorithm 1 (Pseudo-code for the LCA main loop.).
1: function[F] = LCA(B, �, �, NR, NB, NL)
2: for each k = 1;NB//All nodes have their labels initialized

with zeroes.
3: labk = 0
4: end for
5: for k = 1:NR//Source nodes are identified by positive

labels.
6: labk = k
7: end for
8: F  ← �//The trivial structure is built: source nodes and

compulsory edges (lines) are added.
9: update labels(F)//Further details about this function

are in the text.
10: while labk ≤ 0 ∀ k ∈ B//Stop condition.
11: e  ← choose(�)//Function choose() selects an element of

the set � randomly.
12: [canadd] = evaluate (e, F)//Edge inclusion analysis.

Variable canadd is boolean. Details about this function
are in the text.

13: remove (e,�)//Chosen edge is removed from the set �.
14:  if canadd == false then//Another edge has to be

picked up.
15: go to line 10
16: else
17: F  ← F  ∪ e//Edge is added to the current configuration.
18:  update labels(F)//Further details about this function

are in the text.
19: end if
20: end while
21: end function

Finally, the update procedure called in lines 9 and 18 of
lgorithm 1 is implemented as follows:

(i) if end nodes are labeled with zeroes, they will assume the next
available negative value;

(ii) if one end node is zero, this node will receive the label value
from the other end node;

iii) and if both end nodes are labeled with distinct negative values,
the lowest value will be copied to the other end node and will
be disseminated across every node connected to it replacing
former label values.

To better understand, a fictitious network example is given in
ig. 2(a)–(i) where the chromosome presented in Fig. 1 is gradually
uilt up. For this example, we suppose that edges were randomly
hosen and this sequence is equal to the one shown in Fig. 1. Three
ources are admitted for this network. A legend provided at the
op of Fig. 2 makes clear the meaning of the graphic symbols. The

eaning of the numbers inside each node was already explained.
ashed lines represent edges not interpreted yet. Both continuous
nd dotted-cross lines are the edges already interpreted by the LCA.
he configuration showed in Fig. 2(i) has 3 sources, 8 load busses,
nd 17 lines. Admitting that every line has a switch, it is trivial to
nd that ‖�‖ = 8 and

∥∥�
∥∥ = 9 and using Eqs. (7a) and (7b) which

re the same for any feasible configuration derived from it.

.3. Stochastic operators

Based on our codification scheme, it is possible to adopt stochas-
ic operators as they were originally conceived [44]. In spite of
hat, other mutation operators were proposed in order to survey
otential improvements on overall search performance of the evo-

utionary algorithm. Thus, we employed PMX  crossover [29], eight
utation types explained later in this section and local elitism as
 stochastic operators suite. Performing combination between two
hromosomes by means of the PMX  crossover, two  new individ-
als are generated as demonstrated in Fig. 3. In that figure, the
rst parent is the reference chromosome and two points are fixed
 Systems Research 97 (2013) 19– 33 23

to delimit the segments with different background colors to be
interchanged between parents. In the offsprings, highlighted genes
indicate allele reallocation provided by PMX. Since codification
makes the chromosomes ordered, PMX  is a proper recombination
operator. Generally, mutation is responsible for the occasional ran-
dom alteration of genes. In DFR problem, mutation is equivalent
to an exchange (swap) operation that closes an open switch and
opens a closed switch in the loop formed so that radiality and con-
nectivity are still retained. The parameter mr  controls the rate new
solutions are explored in the DFR landscape. If this rate is high, off-
spring lose resemblance to their parents and the algorithm could
not learn from the past exposing an erratic behavior. Ideally, muta-
tion should promote positive changes on individual leading search
to its neighborhood. A neighboring solution is assumed here as
being a feasible configuration that differs by a pair of open–close
switching maneuvers.

Considering mutation effects over chromosome, we  proposed
some permutations that cause similarly behavior through minor
changes on chromosome content to preserve heritage in relation
to the general characteristics of the prime configuration. Three
basic mutation schemes are shown in Fig. 4(a) in which the prime
individual is the reference configuration already presented by
Figs. 1 and 2(i). That configuration is also considered as a refer-
ence to the three elaborated mutation schemes shown in Fig. 4(b).
Basic mutation types involve simple swapping schemes. In muta-
tion type 1 (MT1), any pair of genes can be interchanged. Once
applied, there is still a probability that the chromosome content
continues to represent the same configuration. Therefore, this alter-
native is somewhat inefficient. See Fig. 4(a) for clarity. Using MT1, it
is more likely to scramble the chromosome content than providing
a different configuration effectively.

Through mutation type 2 (MT2), any gene located at the first
‖�‖ positions of the chromosome is assured to be swapped by other
located in the last

∥∥�
∥∥ positions. The MT2  increases the probability

of the mutation actually performs any modification in the original
configuration as shown in Fig. 4(a). Mutation type 3 (MT3) needs
chromosome decoding to identify the set �. One element of this set
is picked up at random to be swapped out with an element from
its complementary set � situated preferably in an upright position.
In case of MT3, chromosomes to be mutated must be decoded first
(see Fig. 4(a)). For mutation types 4 and 5, the parameter ı, that
controls a fixed percentage of

∥∥�
∥∥ to be changed, is included to

allow sharper modifications. MT4  and MT5  employ respectively a
uniform and Gaussian probability distribution functions to define
how many swaps will occur whenever a new mutation is about to
happen. Mutations MT4  and MT5  can be viewed schematically in
Fig. 4(b). The next mutation type considered (MT6) is similar to MT4
but it is more intense because it takes a percentage of genes from
the whole chromosome, instead of

∥∥�
∥∥. At last, in mutation type 7,

one element of the set � is moved to the rightmost position of the
chromosome while mutation type 8 moves one element of the set
‖�‖ to the leftmost position. For both mutation types, the remaining
genes must be properly shifted to the opposite side, seen in Fig. 4(b).
As pointed out at the beginning of this section, we implemented
local elitism by selecting the best configurations among parents,
offspring obtained after crossover and after mutation.

4.4. Fitness evaluation

A load flow method is the basis for the configuration evaluation.
After its convergence, it is possible to determine voltages, currents
and power losses which correspond to the power system state.

Thus, the first objective detailed in Section 3 is calculated through
a backward–forward sweep power flow method (BFSM). But other
methods could be equally applied such as the compensation-based
for weakly meshed networks [45]. In this work, we  employed three
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Fig. 2. Obtaining NR trees from a graph G(B, L) through LCA steps according

ariations of BFSM: (1) power aggregation with simplified for-
ulation based on distflow equations [14] (BFSM-PA#1) which

eglects line losses [31]; (2) power aggregation considering line
osses (BFSM-PA#2) based on Su’s work [3];  and (3) current aggre-
ation (BFSM-CA) [46]. We  implemented those BFSM versions to
ompare results with other works. The convergence tolerance to
he three BFSM was adjusted for 1 × 10−6 taking three iterations on
verage to converge. A basic scheme of a genetic algorithm tailored
or the DFR problem can be viewed in [25]. Here, we  employed

he NSGA-II to deal with multiple criteria. No further details are
iven once similar scopes for it were presented in [32,37].  As seen
n Section 3, DFR problem includes several electrical and topological

Fig. 3. A PMX  crossover example.
e sequence {4,14,8,12,2,16,10,9,11,6,5,3,13,1,17,15,7} randomly generated.

constraints. Ensuring that topologically feasible individuals are cre-
ated during population evolution in EA, we must concern only with
electrical constraints during dominance analysis. Here, dominance
analysis is done as in [10]: (a) non-violated solution is preferred
over violated ones, (b) the least violated solution is chosen when
two violated are compared, and (c) two  feasible solutions are com-
pared according to Pareto dominance. Distribution systems have
been adopting an increasingly number of distributed generation
(DG) units. In this sense, local loops with power bidirectionally
flowing in those systems have created a new challenge for the oper-
ation personnel. Few adaptions in our approach could make DG
easily tackled once those loops can be treated by the LCA as single
nodes, each represented along with the equivalent net power. Thus,
optimization configuration could be done as usual.

5. Experimental results

In this work, five distribution systems already tested by pub-
lished papers were considered. General details about the systems
are given in Table 1. Four systems are schematically illustrated in
Refs. [1,13,31], and [3],  respectively. The 136-bus system is illus-
trated in Fig. 5. The ampacity values for lines were not defined for

Systems #3, #4 and #5. So, those values were estimated in order to
allow CLI calculation. In System #3, a value of 1.2 kA was assumed
for all lines since more than 90% of the topologically viable configu-
rations did not violate the current indexes (CLI < 1.0). For System #4,
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Fig. 4. (a) Basic mutation types 1–3 and (b) elaborated mutation types 4–8.

Table 1
Topology details, electrical specifications, and dimension of the space search for the five tested systems.

System Refs. NR NB NL NW NL Sbase (MVA) Vbase (kV) Number of
possibilities

Combination

(
NWS

NL

)
Topologically
feasible
configurations

1 [1,14] 1 33 37 37 5 10 12.66 237 376,992 50,751c

2 [27,31,25] 1 70 74 74 5 10 12.66 274 b 15,020,334 376,028
3  [1,47,36,13,17,48] 3 16 16 16 3 100a 12.66 216 560 190
4  [3] 11 94 96 96 13 100 11.4 296 4.036 × 1015 3.5196 × 1011

5 [29] 1 136 156 156 21 100 13.8 2156 5.435 × 1025 2.2686 × 1018

a
i

a
s
c

a This value is not provided in [1].
b All lines are considered to have a switch as stated in the original paper [31].
c Also reported in Morton’s work [49].

 mean value of 655 A was defined to represent admissible currents
n ACSR 477 and 500 KCM conductors.
Experiments were performed for BFSM-PA #1 and #2,
nd BFSM-CA. In Table 1, information about search space
ize for all systems is also provided. The number of radial
onfigurations was obtained by an exhaustive search such

Fig. 5. A 136-bus Brazilian distribut
that described in [49]. The number of combination was
deduced from NWS!/[(NWS − NL)! · NL!] at Table 1. A compu-

tational platform with 2-core 1.66 GHz processor and 2GB
RAM memory was  used in all experiments described here-
inafter. Program codes were developed in MatLabTM language
version 7.8.0.

ion system described in [29].
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Table 2
Mono-objective optimization performed for System #1 using two  BFSMs.

Simulation case BFSM-PA#1 BFSM-PA#2

Best solution
achieved

Average CPU time
(s)

Convergence rate
for 33 trials (%)

Best solution
achieved

Average CPU time
(s)

Convergence rate
for 33 trials (%)

As originally
proposed

s7-s9-s14-s32-s37 2.13 100 s7-s9-s14-s32-s37 2.95 100

Different initial
configuration

s7-s9-s14-s32-s37 2.18 100 s7-s9-s14-s32-s37 2.93 100

Load  modified at
buses 9 and 13

s9-s14-s28-s32-s33 2.19 100 s9-s14-s28-s32-s33 2.99 100

Table 3
Mono-objective optimization performed for System #2 using BFSM-PA#1.

Method Best solutions achieveda Power losses (kW) CPU time (s)

Exhaustive
search

s13-s21-s56-s62-s70, 94.026 –

s13-s21-s57-s62-s70,
s13-s21-s58-s62-s70,
s13-s21-s59-s62-s70

Proposed s13-s21-s56-s62-s70, 94.026 9.4
s13-s21-s57-s62-s70,
s13-s21-s58-s62-s70,
s13-s21-s59-s62-s70

Huang  [31] s13-s59-s70-s71-s74 113.406 Not indicated
Savier  [50] s15-s57-s64-s70-s71 99.59 1.8

5

m
s
#
c
b
l
a
t
m
o
i
a

T
P
g

Swarnkar [25] s15-s57-s62-s70-s71 

a Switches ID’s are took as referenced in [31].

.1. Mono-objective optimization

A mono-objective analysis of the DFR problem aimed at the
inimization of real power losses was carried out using a clas-

ical genetic algorithm (GA) [44]. The global optimum of System
1, obtained by exhaustive evaluation reported in [48], was suc-
essfully achieved by our approach for the three cases evaluated
y Gomes [48]: original system, distinct initial configuration, and

oad modification at buses 9 and 13. The correspondent results
re presented in Table 2. Initial configuration was included in
he GA first population for cases 1 and 2 while remainder chro-
osomes were randomly generated. It is noteworthy that the
ptima were attained in all cases regardless the inclusion of the
nitial configuration in the GA first population. The operators MT3
nd MT7  achieved the best performance. Our approach has also

able 4
areto-optimal solutions for System #1 with BFSM-PA#1, found by an exhaustive search
ray  (solution #4), respectively.

Solution Variable domain
(opened switches)

Objective domain So

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS 

1 7 9 1427 37 136.8573 0.0326 0.5480 8 20
2  7 9 14 28 32 132.1250 0.0318 0.5511 10 21
3  7 9 14 28 37 133.7701 0.0314 0.5496 8 22
4  7 9 14 32 33 131.8484 0.0339 0.6218 8 23
5  7 9 14 33 37 134.0667 0.0338 0.6251 6 24
6 7  10 14 27 32 135.6836 0.0332 0.5482 10 25
7  7 10 14 27 37 137.3173 0.0328 0.5468 8 26
8  7 10 14 28 32 132.7685 0.0321 0.5498 10 27
9  7 10 14 28 37 134.2301 0.0316 0.5484 8 28
10  7 10 14 32 33 132.4920 0.0342 0.6205 8 29
11 7  10 14 33 37 134.5267 0.0340 0.6238 6 30
12  7 10 27 36 37 139.4704 0.0341 0.5593 6 31
13  7 10 28 36 37 136.3832 0.0329 0.5609 6 32
14  7 10 33 36 37 136.6798 0.0353 0.6363 4 33
15  7 11 27 36 37 138.9756 0.0337 0.5604 6 34
16 7  11 28 36 37 135.8884 0.0325 0.5620 6 35
17 7  11 33 36 37 136.1850 0.0349 0.6374 4 36
18  7 12 27 35 37 146.8668 0.0372 0.5560 6 37
19 7  12 28 35 37 143.7797 0.0360 0.5576 6 38
99.59 3.3

succeeded in finding the best configurations for System #2. Dis-
tinctly from other references, we found four configurations which
coincided with the solutions reached by an exhaustive search.
Results are summarized in Table 3. Tests on System #3 using
BFSM-PA#2 have outlined consistency in converging to the same
solution found by Zhu [1].  It took 0.08 s in average to achieve
the best network configuration with open switches s6, s9 and
s11 leading to losses of 466.1 kW.  About 30 executions were tried
considering 200 evaluations for a population size of 20 chromo-
somes. Using BFSM-PA#1, we also found the same optimum with
power losses of 449.67 kW.  System #4 was also optimized with

the same formulation used by Su [3] (BFSM-PA#2). Same solution
reported in that work was  found after 112.8 s (s7-s13-s34-s39-s41-
s55-s62-s72-s83-s86-s89-s90-s92), which is the configuration of
469.88 kW.

. Initial and Zhu configurations were shaded in light gray (solution #38) and dark

lution Variable domain
(opened switches)

Objective domain

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS

 7 13 27 35 37 146.2070 0.0369 0.5575 6
 7 13 28 35 37 143.1198 0.0357 0.5591 6
 8 33 34 36 37 144.1015 0.0368 0.6519 2
 9 14 27 34 37 140.4228 0.0320 0.5731 6
 9 14 28 32 34 136.3446 0.0312 0.5793 8
 9 14 28 34 37 138.0678 0.0311 0.5748 6
 9 17 28 34 36 141.1753 0.0324 0.5721 6
 9 27 34 36 37 140.5511 0.0336 0.5730 4
 9 28 34 36 37 137.8256 0.0326 0.5746 4
 9 33 34 36 37 144.5005 0.0364 0.6503 2

 10 27 34 36 37 140.0848 0.0330 0.5743 4
 10 28 32 34 36 135.7674 0.0326 0.5806 6
 10 28 34 36 37 137.4405 0.0320 0.5759 4
 10 33 34 36 37 145.4609 0.0363 0.6516 2
 11 28 32 34 36 135.6151 0.0321 0.5840 6
 11 28 34 36 37 137.5742 0.0317 0.5794 4
 27 34 35 36 37 165.2175 0.0412 0.6431 2
 28 34 35 36 37 163.3912 0.0406 0.6449 2
 33 34 35 36 37 186.0441 0.0496 0.7233 0
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Table  5
Pareto-optimal solutions for System #1 with BFSM-PA#2, found by an exhaustive search. Initial and Zhu configurations were shaded in light gray (solution #34) and dark
gray  (solution #3), respectively.

Solution Variable domain
(opened switches)

Objective domain Solution Variable domain
(opened switches)

Objective domain

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS S1 S2 S3 S4 S5 PL(kW) VDI CLI NS

1 7 9 14 28 32 139.9823 0.0326 0.5650 10 18 8 33 34 36 37 153.4974 0.0378 0.6707 2
2 7  9 14 28 37 141.9213 0.0322 0.5636 8 19 9 14 27 34 37 149.4261 0.0327 0.5878 6
3  7 9 14 32 33 139.5542 0.0348 0.6381 8 20 9 14 28 32 34 144.5838 0.0319 0.5936 8
4  7 9 14 33 37 142.1687 0.0347 0.6420 6 21 9 14 28 34 37 146.6722 0.0319 0.5891 6
5  7 10 14 27 37 145.9686 0.0336 0.5613 8 22 9 17 28 34 36 150.4038 0.0332 0.5872 6
6  7 10 14 28 32 140.7099 0.0329 0.5638 10 23 9 27 34 36 37 149.5296 0.0345 0.5882 4
7 7 10 14 28 37 142.4342 0.0324 0.5624 8 24 9 28 34 36 37 146.3735 0.0334 0.5894 4
8 7 10 14 32 33 140.2818 0.0351 0.6370 8 25 9 33 34 36 37 153.9966 0.0374 0.6690 2
9  7 10 14 33 37 142.6815 0.0349 0.6408 6 26 10 27 34 36 37 148.9915 0.0338 0.5893 4
10  7 10 27 36 37 148.3988 0.0350 0.5744 6 27 10 28 32 34 36 143.9339 0.0334 0.5954 6
11  7 10 28 36 37 144.8643 0.0337 0.5756 6 28 10 28 34 36 37 145.9220 0.0328 0.5906 4
12  7 10 33 36 37 145.1117 0.0362 0.6540 4 29 10 33 34 36 37 155.1353 0.0374 0.6704 2
13  7 11 27 36 37 147.8276 0.0346 0.5754 6 30 11 28 32 34 36 143.7160 0.0329 0.5986 6
14  7 11 28 36 37 144.2932 0.0333 0.5766 6 31 11 28 34 36 37 146.0456 0.0325 0.5940 4
15  7 11 33 36 37 144.5405 0.0358 0.6550 4 32 27 34 35 36 37 177.2866 0.0424 0.6625 2
16  7 12 27 35 37 156.7469 0.0382 0.5722 6 33 28 34 35 36 37 175.1384 0.0418 0.6640 2
17 7 12 28 35 37 153.2123 0.0370 0.5734 6 34 33 34 35 36 37 202.6861 0.0515 0.7492 0

s
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attained by NSGA-II using BFSM-PA#1 differs from the frontier

T
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Finally, our approach was tested for the Brazilian
ystem (System #5) described by Carreno in [29]. The
nique optimal solution evidenced by an exhaustive
earch accomplished throughout the landscape was suc-
essfully identified by EA plus BFSM-PA#2 after 10840
valuations: s7-s35-s51-s90-s96-s106-s118-s126-s135-s137-
138-s141-s142-s144-s145-s146-147-s148-150-151-155.
he implemented method has exhibited good conver-
ence for that solution corresponding to power losses
f 280.1 kW as opposed to the initial configuration

s135-s136-s137-s138-s139-s140-s141-s142-s143-s144-s145-
146-s147-s148-s149-150-s151-152-153-154-155) whose losses
s 320.3 kW.

able 6
areto-optimal solutions for System #2 with BFSM-PA#1, found by an exhaustive search.
ray  (solution #10), respectively.

Solution Variable domain
(opened switches)

Objective domain 

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS 

1 13 20 59 62 70 94.0357 0.0131 0.2121 8 

2  13 20 59 63 70 94.8489 0.0130 0.2085 8 

3  13 20 59 65 70 107.9623 0.0120 0.1872 8 

4  13 20 59 70 74 113.4621 0.0124 0.1823 6 

5  13 21 59 62 70 94.0258 0.0130 0.2121 8 

6 13  21 59 63 70 94.8399 0.0129 0.2085 8 

7  13 21 59 65 70 107.9599 0.0120 0.1872 8 

8  13 21 59 70 74 113.4615 0.0124 0.1824 6 

9  13 59 65 70 71 109.5371 0.0126 0.1951 6 

10  13 59 70 71 74 113.4058 0.0129 0.1860 4 

11  14 16 59 63 70 110.2821 0.0153 0.1870 8 

12  14 16 59 70 74 121.3372 0.0143 0.1720 6 

13  14 17 27 59 70 120.4348 0.0144 0.1718 8 

14  14 17 59 63 70 107.1823 0.0145 0.1872 8 

15  14 17 59 65 70 115.1063 0.0134 0.1748 8 

16  14 17 59 70 74 119.3066 0.0137 0.1722 6 

17  14 18 27 59 70 118.4204 0.0139 0.1728 8 

18  14 18 59 63 70 103.7524 0.0137 0.1881 8 

19  14 18 59 65 70 112.7536 0.0128 0.1758 8 

20  14 18 59 70 74 117.2275 0.0132 0.1733 6 

21  14 20 27 59 70 116.9690 0.0134 0.1747 8 

22 14 20  59 62 70 100.5263 0.0128 0.1922 8 

23  14 20 59 63 70 100.8939 0.0128 0.1899 8 

24 14  20 59 65 70 110.9658 0.0122 0.1777 8 

25  14 20 59 70 74 115.7118 0.0126 0.1751 6 
5.2.  Multiobjective optimization

The number of feasible solutions is disposed at the last
column of Table 1. It is important to mention that the pareto-
optimal solutions (PoS) was estimated for System #4 through
an extended run of NSGA-II set up for 20 million of evalua-
tions (eval = 2 × 107) and population size of 2000 (npop = 2000)
believed by the authors to be satisfactory due to the size of
the feasible space (see Table 1). As seen in Tables 4–7,  the PoS
achieved with BFSM-PA#2 for Systems #1 and #2. However,
PoS are kept the same when analyzing System #3 under the
same circumstances (Table 8). Near 96% of solutions achieved

 Initial and Huang configurations were shaded in light gray (solution #50) and dark

Solution Variable domain
(opened switches)

Objective domain

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS

26 14 21 27 59 70 116.9494 0.0133 0.1747 8
27 14 21 59 62 70 100.4805 0.0125 0.1923 8
28 14 21 59 63 70 100.8507 0.0125 0.1900 8
29 14 21 59 65 70 110.9406 0.0120 0.1777 8
30 14 21 59 70 74 115.6911 0.0125 0.1751 6
31 14 59 62 70 71 98.5935 0.0141 0.2285 6
32 14 59 63 70 71 98.9570 0.0139 0.2238 6
33 14 59 65 70 71 109.5435 0.0125 0.1948 6
34 14 59 70 71 74 114.5668 0.0129 0.1879 4
35 17 27 46 59 70 124.3711 0.0161 0.1700 8
36 18 26 43 59 72 126.3141 0.0174 0.1689 8
37 18 26 59 70 72 123.6836 0.0161 0.1699 6
38 18 27 43 59 72 125.2246 0.0167 0.1691 8
39 18 27 46 59 70 124.4017 0.0161 0.1696 8
40 18 27 59 70 72 122.5501 0.0154 0.1701 6
41 18 43 59 65 72 120.3626 0.0159 0.1721 8
42 18 43 59 72 74 124.1857 0.0161 0.1695 6
43 18 46 59 70 74 123.3578 0.0154 0.1701 6
44 18 59 63 70 72 110.2842 0.0160 0.1855 6
45 18 59 65 70 72 117.4579 0.0146 0.1731 6
46 18 59 70 72 74 121.4671 0.0148 0.1705 4
47 19 59 63 70 72 110.3591 0.0160 0.1859 6
48 59 65 70 71 72 121.2523 0.0161 0.1846 4
49 59 70 71 72 74 124.0634 0.0160 0.1792 2
50 70 71 72 73 74 204.7992 0.0251 0.2201 0
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Table 7
Pareto-optimal solutions for System #2 with BFSM-PA#2, found by an exhaustive search. Initial and Huang configurations were shaded in light gray (solution #53) and dark
gray  (solution #10), respectively.

Solution Variable domain
(opened switches)

Objective domain Solution Variable domain
(opened switches)

Objective domain

S1 S2 S3 S4 S5 PL(kW) VDI CLI NS S1 S2 S3 S4 S5 PL(kW) VDI CLI NS

1 13 20 59 62 70 99.6735 0.0133 0.2173 8 28 14 21 59 63 70 106.9591 0.0127 0.1945 8
2 13  20 59 63 70 100.7195 0.0133 0.2135 8 29 14 21 59 65 70 119.6241 0.0123 0.1828 8
3  13 20 59 65 70 116.5636 0.0123 0.1924 8 30 14 21 59 70 74 125.3567 0.0128 0.1805 6
4  13 20 59 70 74 123.0714 0.0128 0.1877 6 31 14 59 62 70 71 104.4965 0.0144 0.2342 6
5  13 21 59 62 70 99.6629 0.0133 0.2173 8 32 14 59 63 70 71 105.0487 0.0142 0.2293 6
6  13 21 59 63 70 100.7099 0.0132 0.2136 8 33 14 59 65 70 71 118.1894 0.0128 0.2001 6
7 13 21 59 65  70 116.5612 0.0123 0.1924 8 34 14 59 70 71 74 124.2021 0.0132 0.1933 4
8 13 21 59  70 74 123.0707 0.0127 0.1877 6 35 17 46 59 70 74 133.2759 0.0158 0.1760 6
9  13 59 65 70 71 118.1852 0.0129 0.2004 6 36 18 26 43 59 72 136.7585 0.0178 0.1745 8
10  13 59 70 71 74 124.1743 0.0132 0.1937 4 37 18 26 59 70 72 134.0463 0.0165 0.1755 6
11  14 16 59 63 70 116.9634 0.0156 0.1918 8 38 18 27 43 59 72 135.4212 0.0171 0.1747 8
12  14 16 59 65 70 126.2977 0.0143 0.1798 8 39 18 27 46 59 70 134.5805 0.0164 0.1752 8
13  14 16 59 70 74 131.2090 0.0146 0.1774 6 40 18 27 59 70 72 132.6620 0.0158 0.1756 6
14  14 17 27 59 70 130.4756 0.0148 0.1773 8 41 18 43 59 65 72 129.4040 0.0163 0.1774 8
15  14 17 59 63 70 113.6739 0.0148 0.1919 8 42 18 43 59 72 74 134.1433 0.0165 0.1750 6
16  14 17 59 65 70 123.9570 0.0137 0.1799 8 43 18 46 59 65 70 128.5366 0.0156 0.1779 8
17 14 17 59  70 74 129.1022 0.0140 0.1776 6 44 18 46 59 70 74 133.2975 0.0158 0.1756 6
18  14 18 27 59 70 128.3896 0.0142 0.1783 8 45 18 59 62 70 72 116.8439 0.0165 0.1927 6
19  14 18 59 63 70 110.0358 0.0140 0.1927 8 46 18 59 63 70 72 116.9415 0.0163 0.1903 6
20  14 18 59 65 70 121.5088 0.0131 0.1809 8 47 18 59 65 70 72 126.3968 0.0149 0.1783 6
21  14 18 59 70 74 126.9473 0.0135 0.1786 6 48 18 59 70 72 74 131.3368 0.0151 0.1760 4
22 14 20 59 62 70 106.4344  0.0130 0.1968 8 49 19 59 62 70 72 116.8942 0.0165 0.1931 6
23  14 20 59 63 70 107.0049 0.0130 0.1944 8 50 19 59 63 70 72 117.0126 0.0163 0.1907 6
24 14  20 59 65 70 119.6503 0.0124 0.1827 8 51 59 65 70 71 72 130.4130 0.0164 0.1901 4
25  14 20 59 70 74 125.3781 0.0129 0.1804 6 52 59 70 71 72 74 134.0666 0.0163 0.1848 2
26  14 21 27 59 70 126.8681 0.0136 0.1801 8 53 70 71 72 73 74 225.0028 0.0262 0.2289 0
27  14 21 59 62 70 106.3857 0.0128 0.1968 8

Table 8
Pareto-optimal solutions for System #3 with BFSM-PA#1, found by an exhaustive search. Initial and optimal configurations described in [1] were shaded in light (solution
#2)  and dark gray (solution #3), respectively.

Solution Variable domain (opened switches) Objective domain

S1 S2 S3 PL(kW) VDI CLI NS

1 4 9 11 483.8689 0.0125 0.2616 2
2 4 11 13 511.4355 0.0132 0.2601 0
3  6 9 11 466.1267 0.0115 0.2611 4
4  6 11 13 493.1542 0.0121 0.2597 2

Table 9
Performance comparison among different codifications for System #1 and System #2.

List of references System #1 System #2

Codification Chrme.
length

Mean CPU
time (s)

Average
cardinality of
Front #1

Average
number of PoS
achieved

Average
percentage of
PoS (%)

Mean CPU
time (s)

Average
cardinality of
Front #1

Average
number of
PoS achieved

Average
percentage
of PoS (%)

Zhu [1] NW 17.5 13.8 12.2 32.1 37.8 13.8 8.2 16.4
Carreno [29] NL 18.5 11.4 3.8 10 40.2 11.4 2.0 4.0
Milani  [35] NW 22.5 16.2 15 39.5 50.6 16.4 6.2 12.4
Mendoza with local elitism [37] NL 17.2 9.4 6.4 16.8 35.9 12.4 3.4 6.8
Mendoza without local elitism [37] NL 16.3 12.8 7.8 20.5 32.3 13.8 6.6 13.2
Proposed NW 16.4 15.0 12.2 32.1 36.3 14.2 8.2 16.4

Table 10
Performance comparison among different codifications for System #3 and System #4.

List of references System #3 System #4

Codification Chrme.
length

Mean† CPU
time (s)

Average
cardinality of
front #1

Average
number of PoS
achieved

Average
percentage of
PoS (%)

Mean CPU
time (s)

Average
cardinality of
Front #1

Average
number of
PoS achieved

Average
percentage
of PoS (%)

Zhu [1] NW 2.0 3.4 3.4 85.0 44.1 15.2 4.1 1.4
Carreno [29] NL 2.1 2.2 2.0 50.0 47.8 9.0 2.2 0.7
Milani [35] NW 2.4 3.2 3.2 80.0 69.9 13.3 3.5 1.2
Mendoza with local elitism [37] NL 2.0 1.6 1.6 40.0 41.7 10.9 1.5 0.5
Mendoza without local elitism [37] NL 1.9 2.4 2.2 55.0 38.1 12.6 2.8 0.9
Proposed NW 1.9 3.6 3.6 90.0 42.2 16.2 5.4 1.8
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Fig. 6. NSGA-II convergence using eight different mutation patte
ith BFSM-PA#1 for System #2 is found in the PoS obtained
hrough BFSM-PA#2. Still, PoS found with BFSM-PA#2 has 90.6%
f solutions coinciding with non-dominated found by BFSM-
A#1.

able 11
nverse generational distance (IGD) of 12 scenarios for mutation type 1–8 related to syste

Scenario System #1 Best Sce

MT1 MT2 MT3 MT4 MT5 MT6 MT7 MT8 

1 1.4048 1.3691 1.3541 1.5838 1.7778 1.8616 1.1279 1.4798 MT7 1 

2  1.7674 1.2235 1.3263 1.5183 1.2532 1.7313 1.0127 1.5005 MT7 2 

3  1.4770 1.3050 0.9889 2.0125 1.3844 2.0400 0.9226 1.2709 MT7 3 

4  1.2253 1.2536 0.8134 1.5804 1.5174 1.6920 1.1762 1.2279 MT3 4 

5  1.2237 1.3174 0.9828 1.4815 1.2597 1.4498 0.9857 1.1502 MT3 5 

6  1.3024 1.0362 0.8980 1.3910 1.1793 1.2060 0.9073 0.9308 MT3 6 

7  0.9672 1.2320 0.9198 1.4500 1.1810 1.2045 0.9250 1.2573 MT3 7 

8  1.2449 1.1380 0.7637 1.2369 1.3737 1.3066 1.0959 1.0637 MT3 8 

9  0.8196 0.7012 0.8865 0.9174 0.7915 0.9828 0.7125 0.8895 MT5 9 

10 0.8408  0.7697 0.8958 0.7275 0.6820 1.0678 0.7284 0.8252 MT5 10 

11 0.7724 0.8902 0.7913 0.9661 1.0313 0.8000 0.8091 0.6403 MT8 11 

12  0.9016 0.9311 0.6043 0.7676 1.1256 0.8936 0.9556 0.6265 MT3 12 
 solve System #1: (a) average values and (b) standard deviation.
For System #3, topologically feasible configurations represent
almost 34% of the possibilities found with any three switches
open and 0.30% of the whole search space. For a larger sys-
tem such as System #2, still small than real world distribution

ms 1–2. Best IGDs are shaded.

nario System #2 Best

MT1 MT2 MT3 MT4 MT5 MT6 MT7 MT8

1.0525 0.9812 0.9431 1.1021 1.1089 1.0817 1.0313 1.1748 MT3
0.9913 1.1162 0.9553 1.1162 1.1402 1.0186 0.9492 1.0452 MT7
1.0769 1.1839 0.9676 1.0927 1.2842 1.0343 0.9377 1.0169 MT7
1.1276 1.3076 0.9751 1.1000 1.7487 1.0048 1.1416 1.0959 MT3
0.7541 0.7701 0.6497 0.6977 0.7902 0.7434 0.6383 0.7423 MT7
0.8520 0.7404 0.7611 0.6106 0.8730 0.7310 0.7626 0.7961 MT4
0.7828 0.9717 0.8222 0.7903 1.0348 0.6500 0.8087 0.7415 MT6
0.7759 1.1322 0.8020 0.7140 1.5131 0.6152 0.9932 0.7669 MT6
0.4787 0.5585 0.5734 0.4667 0.5815 0.4089 0.5599 0.5163 MT6
0.5154 0.6359 0.5189 0.5347 0.6613 0.4798 0.5725 0.4968 MT6
0.5420 0.7244 0.5734 0.3945 0.8618 0.5064 0.6047 0.5913 MT4
0.6928 0.8923 0.6219 0.5319 1.1990 0.4901 0.7645 0.4885 MT8
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Fig. 7. NSGA-II convergence using eight different mutation patte

etworks, the percentage of allowable configurations reaches
.0389% (376,028/966,525,840) or 1.99E−15%, admitting all binary
ossibilities seen in Table 1.

A PoS of 303 optima was found for System #4 using BFSM-PA#1
nd 290 optima were found when BFSM-PA#2 is considered. Due to
he search space extensiveness (see Table 1), the exhaustive search
as not used to find PoS avoiding prohibitive computation time.
s already mentioned, NSGA-II was executed for npop = 2000 and
0,000 generations, totalizing 20 million of evaluations which was
onsidered enough to properly estimate PoS in System #4. This PoS
s not presented here due to a matter of space.

.3. Codification performance

To validate our proposition, we choose three criteria namely
PU time, cardinality of the first frontier, and number of global
ptima achieved. Since we carried out five executions for each cod-

ng scheme, those criteria are average values indeed. All networks

ere tested for BFSM-PA#1 with crossover and mutation rates of
.98 and 0.05, respectively. A population of 20 chromosomes over
0 generations was set up for the NSGA-II and results for Systems
)

 solve System #2: (a) average values and (b) standard deviation.

#1, #2, #3, and #4 are presented in Tables 9 and 10.  Because Sys-
tem #3 is smaller, npop was  set up to 10 and eval to 30. Respective
results are shown in Table 9. The time spent in the loop detection
procedure used by Mendoza codification scheme is not accounted
on CPU time showed in Tables 9 and 10.

The local search step associated with Carreno approach [29] was
replaced by the mutation procedure that best fitted among the ones
presented in Section 4.3 to allow a fair comparison. From Table 9, it
seems that our coding scheme achieved acceptable stability show-
ing good convergence for both systems. On the other hand, the
scheme from Milani [35] has attained the greatest percentage of
solutions for System #1, but its performance was  not kept to Sys-
tem #2 for which either Zhu codification as our implementation
have achieved better results. Convergence characteristics are also
shown in Table 10 for Systems #3 and #4.

5.4. Evaluation of the proposed operators
The NSGA-II was  adjusted to npop equals to 40 and number of
generations equals to 100 (neval = 4000) for different adjustments
of mr and cr according to the sequenced combinations given by the
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Fig. 8. NSGA-II convergence using eight different mutation patte

iched loops shown in Listing 1. On those combinations, three val-
es for the crossover rate and four values of mutation rate covered
welve probing scenarios. In Fig. 6(a) and (b), convergence perfor-

ance is presented for eight types of mutation already explained
n Section 4.3.

Listing 1 Rate variation for crossover and mutation totalizing 12
cenarios. Parameters neval and npop have predefined values.

1 For each cr: = {0.5,0.75,1.0}
2  For each mr: = {0.05,0.1,0.2,0.4}
3  execute NSGA-II (eval, npop, cr, mr)

4  End

5 End

Fig. 6a presents average values (m) for the percentage of PoS
ttained and Fig. 6b its deviation (�), both calculated for 33 tri-

ls. It is clear that scenarios 9–12 exhibited the best results, in
hich mutation types 1, 3, 4, and 6 have excelled if compared to

he remaining ones. System #2 has experienced convergence for
ight mutation types after 33 runs, shown in Fig. 7(a) and (b). The
 solve System #3: (a) average values and (b) standard deviation.

NSGA-II was adjusted to npop = 60 and eval = 6000. Rate values mr
and cr were given according to Listing 1. Convergence of the algo-
rithm is showed for System #3 in Fig. 8(a) and (b) for which NSGA-II
was adjusted to npop = 20 and eval = 200 in scenarios also described
by Listing 1.

From Figs. 6–8,  mutation types 3 and 7 were the best adapt-
ion to DFR problem achieving higher percentage of PoS with lower
deviation in most scenarios of Systems #1 and #2. Table 11 shows
the mean values of Inverse Generational Distance (IGD) metric for
those systems in case of each scenario (per row) and mutation (per
column). Smaller IGDs correspond to better convergence of the evo-
lutionary algorithm. From those values, it is clear that MT3  and MT7
are good choices. In Table 11,  the lowest values achieved by each
mutation type are shaded in gray. It is also notable those values
are attained for higher crossover rates. In most of the scenarios,
MT7  had an acceptable performance for small values of crossover
and mutation rates. It is clear from Table 11 that minor values are

located at the latest scenarios (bottom of Table 11). Experimental
results showed that relativity among feasible solutions were not
hold according to dominance ranking for the two different sets of
equations (BFSM-PA#1 and BFSM-PA#2) employed by the same
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ower flow method on the same distribution system, as stated
n [17]. The first approach is faster since it neglects power losses
uring iterations and power sum up can be performed one time

f loads are modeled as constant power sinks. Depending on the
ested system, relative accuracy is rather affected by the simplified
ssumptions presented in Huang’s formulation.

. Conclusion

Our approach has proved to be a promising coding scheme if it is
ompared to four other ones already proposed in the literature. Its
trength lies on the flexibility in reaching a considerable amount of
ptima for a multi-objective formulation of the DFR problem, while
equiring minimal memory space and computation time. It is worth
o mention that LCA is extremely simple to implement and no major

odifications must be carried out in NSGA-II implementation or
ther evolutionary algorithm, excepting on the decoding scheme
o able correct individual evaluation. The proposed approach
ispenses any supplemental information about loops or graph con-
ectivity and it caters single source as well as multiple sources
ystems which is a major contribution of this work. There is no need
or preprocessing while other strategies require loop detection or
onnectivity analysis. Distinctly from other approaches, our strat-
gy never evaluates unfeasible solutions, once they are completely
voided by means of the coding and interpretation procedures.
xhaustive-like strategies are not employed and genetic opera-
ors are kept as simple as possible according to natural evolution
aradigms. It was verified that the insertion of initial configuration

n the first population of the evolutionary algorithm is needless
ince its lack does not degrade convergence. Finally, it was  demon-
trated through an extended convergence benchmarking that our
oding scheme applied into NSGA-II has succeeded to five systems,
or single or multiple sources, when other proposed approaches
xhibited degradable convergence. Experiments have shown that
ur scheme has allowed the optimization procedure to reach global
ptima steadily throughout the search space, since it complies with
mportant codification properties such as feasibility, locality, cov-
rage, easy representativeness and bias, even though not being as
ast as other schemes discussed in this article.
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ppendix A.

ist of symbols
R number of source nodes
B number of total busses including sources
L number of lines
W number of sectionalizing and tie-switches

 set of system switches
 indexes of closed switches for a given configuration

 indexes of open switches for a given configuration
 set of busses, including load and source busses

 set of distribution lines
 set of switchless distribution lines

 set of switchable distribution lines
 set of powered distribution lines

 set of distribution lines powered down

 bus iterator to denote a single element from B
line iterator to denote a single element from L

 switch iterator to denote a single element from W

[

[
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Zi line longitudinal impedance of line i
Vmin

k
minimal bus at the kth bus

Vnom
k

nominal bus voltage at the kth bus
Ii current flow in ith line
Imax
i

admissible current flow for line i
Smax

r total power capacity of the source r
Pk real power demand at bus k
Qk reactive power demand at bus k
NL number of fundamental loops in the network
NT total number of valid trees (equal to the number of

sources)
swc

q status of switch q in configuration c: open (0) and closed
(1)

cr crossover rate
mr mutation rate
npop population size
eval number of evaluations
Re(·) real component of the argument
Im(·)  imaginary component of the argument
| · | argument modulus
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