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Abstract

This paper proposes an optimal reconfiguration methodology for electrical distribution
systems aimed at improving operational efficiency and service quality. Traditionally, distri-
bution network reconfiguration has focused on minimizing technical losses and improving
the voltage profile; however, these approaches do not explicitly incorporate reliability
criteria or geospatial aspects associated with the actual operation of distribution networks.
The proposed methodology minimizes active power losses while incorporating reliability
constraints through the calculation of Energy Not Supplied and a relative georeferenced
spatial-operational indicator for the selected switching devices. The approach is based on a
topological analysis combined with the Manta Ray Foraging Optimization metaheuristic
algorithm, while the electrical evaluation is performed using the fast-decoupled power
flow method with the FDXB formulation. The weighted scalar objective function considers
active power losses, Energy Not Supplied associated with N-1 contingencies, and the
relative georeferenced spatial-operational indicator associated with the selected switching
devices. The voltage profile is subsequently evaluated as a technical performance indi-
cator to verify the operational quality of the obtained configurations. The methodology
is validated using test systems, achieving loss reductions, improvements in the voltage
profile, and a decrease in Energy Not Supplied, thereby demonstrating configurations with
improved electrical and reliability performance that are more representative of practical
distribution network operation.

Keywords: distribution network reconfiguration; Energy Not Supplied; Manta Ray
Foraging Optimization; reliability assessment; power loss minimization; voltage
profile improvement; relative georeferenced spatial-operational indicator; switching device
availability; electrical distribution systems

1. Introduction

Distribution systems constitute the final stage of the electricity supply chain; therefore,
their proper management is essential to provide users with a continuous and high-quality
service [1]. In this regard, the optimal reconfiguration of electrical distribution networks is
important for improving system performance, increasing supply reliability, and optimizing
network resources, thereby reducing losses and ensuring more efficient operation [2].

Distribution network reconfiguration consists of changing the status of sectionalizing
and tie-switching devices from open to closed or vice versa while maintaining the radial
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structure of the electrical network [3], with the aim of improving its electrical and opera-
tional performance. Traditionally, this problem has been formulated as an optimization
problem that considers constraints such as radiality, voltage limits, and current capaci-
ties [4]. In this context, the integration of switches to perform reconfiguration maneuvers
enables the generation of multiple feasible solutions aimed at optimizing the operating
conditions of the network and ensuring improved distribution system performance [5].

Given the inherent limitations of traditional optimization methods, interest in the use
of more advanced techniques has increased in recent years, particularly in metaheuristic
algorithms, due to their strong capability to explore large search spaces and their good
performance in solving nonlinear and simultaneous problems [6,7]. Several studies have ad-
dressed the optimal reconfiguration of distribution systems using metaheuristic algorithms
with multi-objective functions [8].

Along these lines, ref. [5] proposes a distribution system reconfiguration methodology
aimed at improving the voltage profile and reducing active power losses using an enhanced
particle swarm optimization algorithm (Enhanced PSO). This approach considers the
variability of load conditions and the operational constraints of the system to determine
optimal configurations, thereby achieving improvements in both voltage levels and power
losses when applied to test systems. The results show that reconfiguring the network
structure is an effective way to provide a higher-quality electricity service, especially in
systems with voltage drop problems or low-performance configurations.

In recent years, network reconfiguration studies have incorporated analyses based on
power quality and reliability indicators [9]. Accordingly, ref. [10] presents a multi-objective
methodology for unbalanced distribution networks based on the improved transient search
optimization algorithm (ITSOA), through which power losses, the voltage profile, and
Energy Not Supplied (ENS) are simultaneously reduced. The results obtained from simula-
tions performed on test systems show improved operational performance in unbalanced
networks, as well as an increase in system reliability.

Similarly, ref. [11] proposes an optimal reconfiguration strategy based on the ant lion
optimization algorithm (ALO), focused on reducing active power losses and improving
system reliability by minimizing ENS. In addition, this study considers operational con-
straints associated with voltage limits, line currents, and radiality conditions. The results
obtained show a significant reduction in power losses and an improvement in voltage
levels, demonstrating that this type of metaheuristic technique is well suited for solving
reconfiguration problems.

The work presented in [12] introduces a topological reconfiguration methodology
that integrates the Manta Ray Foraging Optimization (MRFO) metaheuristic algorithm
with the fast-decoupled power flow method using the FDXB formulation. In this study,
reconfiguration is formulated as a multi-objective optimization model focused on reducing
active power losses while considering constraints such as voltage levels, radiality condi-
tions, load, and line currents. This approach makes it possible to identify the most efficient
network configurations.

Although previous studies have demonstrated the effectiveness of metaheuristic al-
gorithms for distribution network reconfiguration, most approaches still focus primarily
on electrical performance indicators, particularly active power losses and voltage profile
improvement. Other contributions have incorporated reliability-oriented indicators, such
as Energy Not Supplied, or have considered operational constraints related to voltage limits,
line currents, and radiality. However, these aspects are usually treated independently, and
limited attention has been given to the simultaneous integration of reliability assessment,
switching-device operability, and spatial-operational criteria within the same reconfigura-
tion framework. In particular, the location of switching devices and the practical feasibility
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of implementing switching maneuvers are rarely included as explicit decision-making
criteria, even though these factors may influence field operation and service restoration in
real distribution networks.

The analysis proposed in [12] mainly aims to improve traditional technical indicators,
such as active power losses and the voltage profile. However, aspects related to service
reliability or the georeferenced location associated with network components are not
analyzed. In practice, the quality of electricity supply does not depend solely on electrical
variables, but also on factors such as the frequency and duration of interruptions, as well
as the time required to restore electricity service after a fault, which is directly related to
the physical location of network elements [13].

Within this framework, one of the most relevant reliability indicators is ENS, since
it quantifies the energy that is not delivered to users due to faults or contingencies in the
electrical system [13,14]. This indicator directly reflects the impact of interruptions on end
users and represents an important criterion that should be considered when planning and
operating distribution systems [15].

Furthermore, the georeferencing of network elements is relevant to access, repair,
and switching considerations, which may influence the duration of interruptions and,
consequently, the reliability levels of the system in practical distribution networks [16].
Therefore, disregarding reliability and georeferencing in electrical network reconfiguration
may lead to configurations that are optimal from an electrical standpoint but not fully
representative of the actual operation of the distribution system.

In this context, the present article is based on [12] and extends it by incorporating
ENS as a reliability criterion, as well as a relative georeferenced spatial-operational indi-
cator within the evaluation process of the reconfiguration alternatives. The methodology
preserves the topological analysis based on incidence matrices and the use of the MRFO
metaheuristic algorithm, while expanding the weighted scalar objective function and the
decision-making criteria to obtain configurations that better balance electrical performance,
reliability, operational feasibility, and spatial criteria, while being more representative of
the practical operation of electrical distribution systems.

Compared with the baseline methodology reported in [12], the main contribution of
this work lies in extending the reconfiguration model from a predominantly electrical opti-
mization approach toward a more comprehensive operational framework. Specifically, the
proposed methodology incorporates Energy Not Supplied as a reliability-oriented criterion,
introduces a switching-device availability constraint to exclude non-operable or impractical
maneuvers, and integrates a relative georeferenced spatial-operational indicator associated
with the selected switching devices. These additions allow the reconfiguration process to
evaluate active power losses and the resulting voltage profile, while also considering the
potential impact of service interruptions and the practical feasibility of implementing the
resulting configurations.

The remainder of this article is organized as follows. Section 2 presents the formulation
of the distribution system reconfiguration problem, defining the extended weighted scalar
objective function, which aims to reduce active power losses and ENS while also incor-
porating the availability criterion of network elements. Section 3 describes the proposed
methodology based on the MRFO metaheuristic algorithm for searching optimal configu-
rations, together with the electrical evaluation of each solution using the fast-decoupled
power flow method with the FDXB formulation, the calculation of reliability indicators,
and the incorporation of the relative georeferenced spatial-operational indicator. Section 4
presents the implementation of the methodology in the IEEE 33-bus and 69-bus test systems
using MATLAB R2025b and MATPOWER 8.1 tool, where the obtained results are analyzed
in terms of electrical losses, voltage profile, reliability criteria, and the relative georeferenced
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spatial-operational indicator within the reconfiguration process. Finally, Section 5 presents
the conclusions of this study.

2. Problem Formulation

Considering the approach presented in [12], the reconfiguration problem is formulated
as an optimization process involving discrete variables associated with the open or closed
status of sectionalizing devices. The topological analysis of the network is supported by
incidence matrices to identify loops and determine feasible configurations that preserve
system radiality, while the feasibility assessment is based on power flow analysis and on
verifying the electrical and operational parameters for each candidate configuration.

In the reference work, the problem formulation focuses on reducing power losses. In
the present study, the conceptual structure aimed at reducing technical losses is maintained,
while additionally incorporating a service reliability criterion through the quantification of
Energy Not Supplied (ENS) as an extension of the aforementioned formulation.

2.1. Technical Constraint and Service Reliability

The reconfiguration problem is expressed through functions oriented toward technical
constraints and service reliability. The first function corresponds to the reduction of active
power losses in the network branches:

Npr
min {3 (swf) = Y _(Loss;) (1)
i=1
where Ny, represents the total number of branches in the system, and Loss; corresponds to
the active power loss in branch i.
As an extension of the traditional approach, system reliability is incorporated into the
function through ENS:

Np,

min €2 (Sw;() =ENS = Z (Akrkpuns,k) (2)
k=1

where A; represents the failure rate of branch k, r is the mean repair time, and P, i is the
total unserved power associated with the contingency in that branch. This term helps avoid
configurations that, in the event of failures, lead to higher levels of load disconnection.
The decision-variable vector associated with the status of the sectionalizing devices is
defined as:
swi = [sw},sw?,sw?,...,swﬂ; i=1,23,...,Np, 3)

where each sw; indicates the device selected to be opened within loop k.

2.2. Constraints Associated with the Availability of Switching Devices

In addition to conventional electrical constraints, operational feasibility conditions
related to the availability of switching devices are considered. In this context, certain
sectionalizing devices may be excluded from the set of candidates due to factors such as
equipment age, infrastructure deterioration, lack of remote-control capability, or location
in areas with difficult access. This allows the obtained solutions to be more realistically
aligned with the specific characteristics of electrical distribution networks [17].

Formally, if L represents the original set of candidate switches for loop k, the feasible
set is redefined as:

Ly = {swy; € Ly | Gy; = 1} (4)

where Gy ; corresponds to the availability constraint matrix of the switching devices.
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3. Proposed Methodology

The proposed methodology for the optimal reconfiguration of the distribution system
is based on the approach developed in [12], which integrates a topological analysis using
incidence matrices, MRFO metaheuristic optimization, and electrical evaluation through the
FDXB power flow method. In the present work, this structure is extended by incorporating the
ENS reliability indicator, operational constraints associated with availability, and the relative
georeferenced spatial-operational indicator associated with the selected switching devices.

3.1. Topological Analysis and Loop Identification

The initial stage consists of the structural representation of the distribution system
through a node-branch incidence matrix, which describes the electrical connectivity of the
network and allows the identification of paths, connection relationships, and the formation
of loops associated with tie lines. Based on this representation, the sets of sectionalizing
devices linked to each loop are determined.

At this stage, the constraint associated with the availability of switching devices is
explicitly integrated, and it is directly reflected in the selection matrix of candidate section-
alizing devices for each loop. Thus, switches whose operation is not feasible according to
the technical criteria established by the distribution utility are excluded from the candidate
set before the optimization process begins.

Formally, device availability is incorporated through a switching constraint matrix G,
associated with the candidate sectionalizing devices, defined as:

G 1, if sectionalizing device i in loop k is operable,
ki =

7

0, if sectionalizing device i cannot be operated

In this way, the search space is reduced to configurations that are technically and
operationally implementable.

3.2. Incorporation of the Relative Georeferenced Spatial-Operational Indicator

To incorporate spatial characteristics into the optimization process, a relative georefer-
enced spatial-operational indicator based on the location of the system nodes is included.

Since the IEEE 33-bus and 69-bus test systems do not provide actual geographic infor-
mation, representative geographic coordinates are assigned to each node while preserving
the original topological structure. This coordinate assighment makes it possible to establish
a georeferenced relationship among the different network elements without modifying
their electrical parameters.

Based on this information, the distance between the nodes that define each branch
is calculated using latitude and longitude. In this way, each branch is associated with a
distance representing its spatial extent within the georeferenced network.

The Dge, indicator is formulated as a relative georeferenced spatial-operational in-
dicator associated with the switching devices selected for opening maneuvers. For each
candidate switching device, a representative georeferenced distance is assigned from the
geographic coordinates of the buses connected by the corresponding branch. This distance
is calculated from the latitude and longitude of the terminal buses and is used only as a
relative spatial measure within the adopted representative coordinate system.

Accordingly, for a candidate reconfiguration, the relative georeferenced spatial-
operational indicator is defined as:

Ns

Dgeo = Z dsw,k (5)
k=1
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where d,, , represents the representative georeferenced distance associated with the switch-
ing device selected in loop k, and N; is the number of switching devices selected for opening
in the candidate radial configuration.

It should be emphasized that Dge, is not intended to represent the total physical
length of the distribution network, an actual road-travel distance, or a direct estimate of
crew travel time. Instead, it is used as a relative geospatial proxy that penalizes configu-
rations requiring switching maneuvers associated with greater spatial separation within
the adopted representative coordinate model. Therefore, Dgeo allows the optimization
process to compare candidate configurations from a spatial-operational perspective while
preserving the original electrical and topological characteristics of the IEEE test systems.

This term allows spatial information to be incorporated into the optimization process,
favoring configurations associated with lower representative spatial separation of the
selected switching devices without altering the electrical parameters of the system.

It is important to note that the binary constraint matrix Gy ; and the georeferenced
component Dge, perform different functions within the proposed model. The matrix Gy
acts as a structural availability constraint, excluding switching devices whose operation
is not feasible under technical or operational criteria. In contrast, Dge, is included in the
objective function as a relative georeferenced spatial-operational indicator associated with
the selected switching maneuvers. Thus, while G ; modifies the feasible set of candidate
solutions, Dge, influences the ranking of feasible configurations by introducing a spatial-
operational preference into the optimization process.

3.3. Optimization Using Manta Ray Foraging Optimization

The Manta Ray Foraging Optimization (MRFO) algorithm is employed as a metaheuris-
tic strategy to explore the configuration space defined in the previous stages [18,19]. Each
individual in the population represents a candidate topology based on the sectionalizing
devices selected for each loop. MRFO combines global exploration and local exploitation
mechanisms inspired by the feeding patterns of manta rays, such as chain foraging, cyclone
foraging, and somersault foraging [20], enabling progressive convergence toward solutions
close to the global optimum.

In the context of distribution system reconfiguration, each individual in the population
represents a candidate radial topology, defined by a discrete decision vector associated
with the selection of sectionalizing devices for each loop.

Because the original MRFO algorithm updates continuous position variables, a dis-
cretization stage is required to map each continuous value into a feasible switching device.
Let L; be the feasible set of available candidate switching devices for loop k, after applying
the availability constraint matrix Gy ;. The number of feasible candidates in loop k is de-
noted by 1y = |L;|. For each individual i and loop k, the continuous position variable x¥(t)
generated by MRFO is first bounded within the search interval and then converted into a
discrete index associated with the corresponding feasible candidate set.

The mapping is performed as:

g =1+ mod(’round (xi‘(t)) ’ -1, nk) (6)

where qé‘(t) is the discrete position index within the feasible set L;. The switching device
selected for loop k is then obtained as:

swf(t) = L (af (1)) @)

This procedure allows each continuous MRFO position to be consistently mapped to a
valid discrete switching device, even when the loops have different numbers of candidate
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switches. Therefore, each candidate solution contains one selected switching device per
loop, and the final decision vector is expressed as:

sw;(t) = [swil(t),swiz(t), . ,swle(t)] 8)

where N; is the number of loops, which is equal to the number of switching devices to be
opened in order to obtain a radial configuration.

Let x;‘ (t) be the decision vector associated with individual i at iteration ¢, with dimen-
sion k, where k represents the total number of loops in the system. Each component of
this vector indicates the sectionalizing device selected to maintain network radiality. The
aforementioned algorithm operates on a population of size Ny, and iteratively generates
new configurations through three main search mechanisms [20,21].

Chain foraging: This mechanism focuses on the coordinated movement of manta rays
toward regions with higher food availability within the search space. Therefore, in the
optimization context, each individual adjusts its position by simultaneously considering
the best global solution obtained and the solution of the previous individual in the chain,
which promotes a more intensive search in more promising regions. Mathematically, the
update can be expressed as:

xf(t+1) = xf(8) + r(xg (1) — 2 (1) + a (e (1) — x5 (1)) )

where 7 is a uniformly distributed random number in the interval (0, 1), and « is an adaptive
coefficient that controls the strength of the attraction toward the best solution.

Cyclone foraging: This strategy imitates the spiral-shaped grouping behavior of manta
rays when they concentrate to feed. Within the algorithm, this mechanism enables a deeper
exploration of high-quality neighboring solutions, thereby increasing the probability of
finding globally optimal solutions. The update of an individual can be modeled as:

(1) = xgy (1) + 7 (xfy (8) = (D) + B (xguse (1) — 1 (1)) (10)

where B is a weighting factor that depends on both the maximum number of iterations T
and the current iteration f, allowing the exploitation intensity to be dynamically adjusted.

Somersault foraging: The third mechanism introduces local perturbations around the
best-known solution, simulating the somersault movements of manta rays during feeding.
This process helps prevent premature convergence by diversifying the search space:

xf (4 1) = () + 5 (rxeg (1) = r2x] (1)) (11

where S is the somersault factor and 7y and r; are random numbers in (0, 1).

In this research, the MRFO algorithm is adapted to the discrete reconfiguration prob-
lem through the mapping defined in (6)—(8). Thus, although the search mechanisms of
MRFO generate continuous position updates, each updated variable is converted into a
feasible switch index belonging to the corresponding loop-specific candidate set. Sub-
sequently, the configurations generated at each iteration undergo a structural validation
process to ensure network radiality and compliance with operational constraints.

For each candidate solution, the selected switching devices are opened and the set of
closed branches is updated. The resulting network is then represented as an undirected
graph G(V, Eqosed), Where V is the set of buses and Eyseq is the set of branches that
remain in service. A candidate topology is considered feasible only if it satisfies the
following conditions:

‘gclosedl = Nb -1 (12)
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where Nj, is the number of buses and ¢(G) is the number of connected components of the
graph. Equation (12) ensures that the number of closed branches is compatible with a radial
network, Equation (13) guarantees that all buses remain connected to the network, and
Equation (14) verifies the absence of closed loops. If any of these conditions is not satisfied,
the candidate configuration is discarded and is not evaluated by the power flow and ENS
calculation stages. In this way, all reported configurations correspond to connected radial
topologies with exactly N; — 1 closed branches.

During each iteration, the algorithm updates the positions of individuals within the
discrete search space and evaluates their performance through a weighted scalar objective
function. Unlike the conventional approach, this research incorporates the minimization
of ENS into the evaluation process, allowing reliability criteria to be integrated into the
selection of optimal configurations. The weighted scalar objective function can be generally
expressed as:

F = Pjyss + weNs - ENS + Wgeo * Dgeo (15)

where Py corresponds to the active power losses of the system, ENS represents the
annual Energy Not Supplied, and Dge, corresponds to the relative georeferenced spatial-
operational indicator associated with the selected switching devices. This last term is used
to account for the representative spatial separation of the switching maneuvers within
the adopted coordinate system, rather than to represent the total feeder length, an actual
road-travel distance, a switching-operation time, or a service restoration time.

The parameter wgys is a weighting factor that makes it possible to reconcile quan-
tities with different units, namely kW for losses and kWh/year for ENS. Thus, it acts as
a normalization coefficient that balances the relative influence of each term within the
optimization process.

The incorporation of this term allows the algorithm to favor configurations that not
only reduce technical losses but also minimize the energy impact of supply interruptions.

The parameter wge, represents the empirical weighting factor associated with the relative
georeferenced spatial-operational indicator. This factor scales the spatial indicator so that it
can be incorporated into the weighted scalar objective function together with the electrical
and reliability terms. Its role is not to convert distance into an exact operational cost or to fully
normalize all terms into equivalent units, but to allow the optimization process to penalize
candidate configurations with less favorable representative spatial separation of switching
maneuvers. This parameter allows the relative influence of Dge, to be adjusted with respect
to the electrical and reliability criteria within the weighted scalar objective function.

3.4. Electrical Evaluation Using the FDXB Power Flow Method

The configurations obtained from the optimization process are electrically evaluated
using the fast-decoupled power flow method with the FDXB formulation. This method was
selected due to its computational efficiency and its suitable convergence behavior for repeated
power flow evaluations during the reconfiguration process. The power flow analysis makes it
possible to obtain the voltage magnitude at each node, line currents, and active power losses,
while also verifying compliance with the technical constraints of the distribution network.

3.5. Reliability Evaluation Through Energy Not Supplied

As a complement to the electrical analysis, each configuration is evaluated in terms of
reliability through the calculation of ENS. This indicator quantifies the energy that is not
delivered to users in the event of faults and can be represented as shown in (2).
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The integration of ENS into the multi-objective function of the algorithm makes it
possible to discriminate against configurations that, although electrically efficient, exhibit
greater vulnerability under fault conditions, thereby guiding the search toward topologies
with improved reliability performance from an operational perspective.

In this work, ENS is calculated as a comparative reliability indicator through an N — 1
contingency analysis for each branch of the system. For each simulated fault, a graph is
built using the energized branches of the candidate topology, and the resulting electrical
islands are identified through connected components. If an island does not contain any
source bus, the demand associated with that island is considered unserved. Therefore, the
ENS value used in this study quantifies the expected unserved energy associated with the
loss of each branch under the analyzed topology.

It should be clarified that the proposed ENS calculation does not perform a complete
post-fault service restoration optimization. In other words, additional corrective switching
actions after the occurrence of each fault, such as the optimal closing of tie switches for load
transfer, are not explicitly optimized within the ENS calculation stage. Instead, ENS is used
as a consistent comparative index to evaluate how each candidate reconfiguration affects
the amount of load that may become disconnected under N — 1 branch contingencies. This
assumption allows the reliability impact of different radial configurations to be compared
under the same methodological framework.

For the reliability parameters, a uniform branch failure rate A = 0.15 failures/year and
a uniform mean repair time r = 4.0 h were assigned to all branches. This assumption was
adopted because the IEEE 33-bus and 69-bus test systems do not provide utility-specific
historical reliability records, failure statistics, maintenance data, or repair-time information
for each branch. Using uniform values makes it possible to isolate the effect of the network
topology and switching configuration on ENS, avoiding the introduction of additional
biases caused by assumed branch-dependent reliability data. In real distribution systems,
these parameters should be replaced by utility-specific values obtained from historical
outage records, equipment condition, line type, environmental exposure, and maintenance
practices. Table 1 summarizes the implemented procedure for calculating ENS.

Table 1. Pseudocode for ENS calculation.

Input data: MATPOWER case mpc, branch failure rate A; [failures/year], repair time r;
[h], with A; = A and r; = r for all branches in the IEEE test systems considered in

this study

Initialization: Set ENS < 0. Identify the set of source buses, denoted as Bgen, including
the slack bus.

Procedure:

1. Foreachbranchi =1,..., Ny, create a copy of the system data.

2. Simulate an N — 1 contingency by opening branch i.

3. Build the graph of the energized network using the branches that remain in service.
4.  Determine the connected components of the resulting graph.

5. Initialize the unserved power associated with branch i as Pns; = 0.

6.  For each connected component, verify whether it contains at least one source bus.
7. If a connected component does not contain a source bus, add the demand of its

buses to Py ;.
8.  Update the annual ENS value as: ENS <= ENS 4 A;#;Pyps ;-

Output: Return ENS [kWh/year].

In the simulations reported in this study, A; and r; were considered uniform for
all branches in order to evaluate the effect of the candidate topology under identical
reliability parameters.
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4. Application of the Methodology

To validate the proposed methodology, the IEEE 33-bus and 69-bus test systems are
considered as case studies, as they are widely used for analyzing the reconfiguration of
distribution systems. In both systems, the procedure described in the previous sections
is applied. For both test systems, every candidate topology generated by the MRFO
algorithm was subjected to the radiality validation described in Section 3.3 before the
electrical and reliability evaluations were performed. Therefore, only configurations sat-
isfying connectivity, acyclicity, and the condition of exactly N, — 1 closed branches were
considered feasible.

All simulations were implemented in MATLAB R2025b using the MATPOWER pack-
age for power flow calculations. The IEEE 33-bus and 69-bus systems were modeled using
MATPOWER Case Format Version 2, with a base apparent power of 10 MVA and a base
voltage of 12.66 kV. In both systems, branch impedances were specified in ohms and con-
verted to per-unit values, while load data were converted from kW and kvar to MW and
Mvar. The fast-decoupled power flow method was configured in MATPOWER using the
FDXB formulation, with verbose output and printed results disabled.

The population size was set to Npop = 10 for both test systems, which provides a
reduced computational burden while preserving sufficient diversity in the discrete search
space defined by the five loops of each network. The maximum number of iterations was
adjusted according to the system size, using 55 iterations for the IEEE 33-bus system and
45 iterations for the IEEE 69-bus system. The somersault factor was set to S = 2, following
the standard MRFO formulation, in order to promote local refinement around the best
solution without excessively increasing the dispersion of the population. To assess the
robustness of the proposed methodology, 30 independent runs were performed under
identical parameter settings. The weighting factors wgng = 1073 and wgeo = 0.001 were
used to incorporate reliability and georeferenced-distance criteria into the objective function
while maintaining the dominance of the electrical performance term.

The reliability parameters reported in Table 2 were applied uniformly to all branches of
each test system. This modeling decision was adopted to provide a controlled comparison
among candidate topologies and to focus the analysis on the influence of reconfiguration on
ENS. Since no historical outage database is associated with the standard IEEE 33-bus and
69-bus test systems, branch-dependent failure rates and repair times were not assigned. In
practical applications, these parameters should be adapted according to the actual reliability
records and maintenance conditions of the distribution utility.

Table 2. MRFO algorithm parameters and simulation settings used for the IEEE 33-bus and 69-
bus systems.

Parameter IEEE 33-Bus System IEEE 69-Bus System
Maximum iterations, T 55 45
Population size, Npop 10 10
Decision-vector dimension, D 5 5
Search-space bounds [-5,5] [—5,5]
Somersault factor, S 2 2
Independent runs 30 30

ENS weighting factor, wgns 1x1073 1x1073
Georeferenced spatial-operational weighting factor, wgeo 0.001 0.001
Branch failure rate, A 0.15 failures/year 0.15 failures/year
Mean repair time, r 40h 40h
Power flow method FDXB FDXB

Base apparent power 10 MVA 10 MVA
Base voltage 12.66 kV 12.66 kV
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4.1. Case Studies
4.1.1. IEEE 33-Bus System

The IEEE 33-bus system is a three-phase radial network composed of a main feeder
and four laterals originating from buses 2, 3, and 6. It consists of 33 buses and 37 lines, with
a base voltage of 12.66 kV and a base apparent power of 10 MVA.

The single-line diagram of the IEEE 33-bus test system is shown in Figure 1. This
representation facilitates the visualization of the main feeder, laterals, and tie branches
considered in the reconfiguration process, as well as the location of the sectionalizing and
tie-switching devices used in the topological analysis.

External Grid
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Figure 1. Single-line diagram of the IEEE 33-bus test system.

Based on the topological structure shown in Figure 1, the incidence-matrix analysis
and the temporary closing of the tie lines allow the system loops to be identified. By
applying the formulation proposed in [12], the switch configuration matrix for operating
maneuvers in each loop is obtained. This matrix defines the set of candidate sectionalizing
devices to be opened in order to preserve radiality.
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This matrix represents the structural domain of the optimization problem, allowing
the MRFO algorithm to select a single branch per loop to be opened. After each selec-
tion, the resulting topology is verified according to the radiality conditions defined in
Equations (12)—(14).

4.1.2. IEEE 69-Bus System

The IEEE 69-bus system corresponds to a three-phase radial system composed of a
main feeder and eight laterals originating from buses 3, 4, 8, 9, 11, and 12. It consists of
69 buses and 68 lines, with a base voltage of 12.66 kV and a base apparent power of 10 MVA.
The single-line diagram of the IEEE 69-bus test system is shown in Figure 2. This diagram
provides a clearer view of the feeder arrangement, the lateral branches, and the location of
the sectionalizing and tie-switching devices considered in the reconfiguration process.

Similar to the previous case, the topological analysis is performed on the network
shown in Figure 2 using the incidence matrix to identify the loops generated by the tie lines.
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Figure 2. Single-line diagram of the IEEE 69-bus test system.

This matrix provides a complete representation of the possible switching maneuvers
within the meshed network, offering relevant information on the structure, connectivity,
and possible power flow paths. Since each loop may contain a different number of candidate
switching devices, the loop-specific discretization procedure defined in (6)—(8) was applied
independently to each row of the candidate-switch matrices shown in Tables 3 and 4. In
addition, each generated topology was validated using the graph-based radiality criteria
defined in Equations (12)-(14) before being accepted as a feasible solution.

Table 3. Switch matrix for operating maneuvers in each loop of the 33-bus system.

Loop swf
L, 3 4 5 22 23 24 25 26 27 28 37
Ly 2 6 7 18 19 20 33 - - - -
Lj 8 9 10 11 21 35 - - - - -
Ly 12 13 14 34 - - - - - - -
Ls 15 16 17 29 30 31 32 36 - - -
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Table 4. Switch matrix for operating maneuvers in each loop of the 69-bus system.

Loop swi.‘
Ly 4 6 7 8 46 47 48 49 52 53 54 55 56 57 58 72
L, 9 10 35 36 37 38 39 40 41 42 69 - - - - -
L3 1 12 21 22 23 24 25 26 59 60 61 62 63 64 73 - -
Ly 13 14 15 16 17 18 19 20 70 - - - - - - - -
Ls 43 4 45 71 - - - - - - - - - - - - -
4.2. Integration of the Switching Device Availability Constraint
In this study, before executing the optimization algorithm, the configuration matrix is
filtered using a switching device availability constraint matrix, which excludes switches
whose operation is not feasible under real operating conditions. The resulting availability-
constrained switch matrix for the IEEE 33-bus system is presented in Table 5.
Table 5. Switch matrix for operating maneuvers with availability constraints for the 33-bus system.
Loop swi.c
Ly 1 1 1 1 1 1 1 1 1 1 1
L, 1 1 1 0 1 1 1 - - - -
Lj 1 0 1 1 1 1 - - - - -
Ly 1 1 0 1 - - - - - - -
Ls 1 1 1 1 1 1 1 1 - - -
As in the 33-bus system, the configuration matrix of the 69-bus system is modified
by applying the device availability constraint matrix. The corresponding availability-
constrained switch matrix for the IEEE 69-bus system is shown in Table 6.
Table 6. Switch matrix for operating maneuvers with availability constraints for the 69-bus system.
Loop swf.‘
Ly 1 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1
L 1 1 1 1 1 1 1 1 1 1 0 1 - - - - -
L3 1 1 1 1 0 1 1 1 1 1 1 1 1 1 - -
Ly 1 1 1 1 0 1 1 1 1 - - - - - - - -
Ls 1 1 1 1 - - - - - - - - - - - - -

4.3. Results of Incorporation of the Relative Georeferenced Spatial-Operational Indicator

To incorporate the georeferenced component into the model analysis, geographic
coordinates were assigned to each bus of the IEEE 33-bus and 69-bus test systems. Based
on this information, the distances between network elements were calculated, allowing the
spatial structure of the test systems to be characterized.

Table 7 presents the spatial characterization of the test systems under analysis. The
IEEE 33-bus system has an estimated total length of 6.42 km, with an average distance of
0.20 km between nodes and a maximum distance of 0.42 km, attributed to its branched
structure. In contrast, the IEEE 69-bus system has a total length of 10.69 km and an average
distance of 0.16 km between consecutive buses.
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Table 7. General spatial characterization of the IEEE test systems based on consecutive network branches.

System Buses Length (km) Avg. Distance (km) Max. Distance (km)
33 bus 33 6.42 0.20 0.42
69 bus 69 10.69 0.16 0.16

It should be emphasized that Table 7 provides only a general spatial characterization
of the base IEEE test systems based on the distances between consecutive network branches.
These values are not the same complete set of distances used to compute Dgeo. The Dgeo
indicator is calculated using the representative distances associated with the selected
candidate switching devices, including tie or non-consecutive branches, as reported in
Appendices C and D.

It is important to note that, since the IEEE test systems do not include geographic
data, real geographic coordinates from the city of Quito were used as a reference. These
coordinates were adapted to represent the spatial structure of the IEEE 33-bus and 69-bus
systems while preserving their topological and geographic characteristics. The coordinates
used for both test systems are presented in Appendix A and Appendix B, respectively.

It should be noted that the assigned coordinates are representative and are not intended
to reproduce an actual utility GIS database. Therefore, the relative georeferenced spatial-
operational indicator is used in this study as a spatial-operational proxy to evaluate the
capability of the proposed methodology to incorporate representative spatial information
into the reconfiguration process. Under this assumption, the calculated distances should not
be interpreted as exact field distances, but rather as relative spatial indicators that allow the
optimization model to compare the representative spatial separation of selected switching
devices. This approach preserves the electrical and topological characteristics of the IEEE
test systems while enabling the methodological evaluation of the relative georeferenced
spatial-operational indicator within the proposed weighted scalar framework.

The distances used in this study were calculated from the assigned latitude and
longitude coordinates of the terminal buses of each branch. Therefore, they correspond
to georeferenced straight-line distances within the representative spatial model and not
to road-network distances. Consequently, these values should not be directly interpreted
as field travel distances, switching-operation times, or restoration times. Their purpose is
to provide a consistent relative spatial criterion for comparing alternative reconfiguration
solutions under the same coordinate assignment.

To make the calculation of the relative georeferenced spatial-operational indicator
fully traceable, the representative distance associated with each candidate switching device
was computed from the latitude and longitude of the terminal buses of the corresponding
branch. The complete set of candidate-switch distances is reported in Appendix C for
the IEEE 33-bus system and Appendix D for the IEEE 69-bus system. For each candidate
topology, the value of Dge, reported in the results tables was obtained by summing the
distances associated with the five selected switching devices, according to Equation (5).

4.4. Sensitivity Analysis of the Parameter wgeo

For the sensitivity analysis of the parameter wgeo, the value of wgns = 1072 was kept
constant in order to independently evaluate the influence of the relative georeferenced
spatial-operational indicator within the proposed weighted scalar optimization process. In
this way, the observed results in active power losses, ENS, and the relative georeferenced
spatial-operational indicator can be directly attributed to the variation of wgeo.

First, the simulation is performed for the 33-bus system, resulting in Table 8.
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Table 8. Sensitivity analysis of the parameter wge, for the IEEE 33-bus system.

Wgeo Optimal Configuration Losses (kW) ENS (kWh/Year) Dgeo Indicator (km)
0 [28 711 34 36] 144.2883 12,912 7.247
0.001 [28 711 34 32] 143.1857 13,020 3.7633
0.01 [28 33 10 34 32] 143.9291 13,377 6.0884
0.05 [28 33 11 34 32] 143.7111 13,458 6.0884
0.10 [28 711 34 36] 144.2883 12,912 7.2479
0.50 [28 33 11 34 32] 143.7111 13,458 6.0884
1.00 [377111332] 146.2213 13,848 2.5927
Then, the simulation is performed for the 69-bus system, and the results are shown in
Table 9.
Table 9. Sensitivity analysis of the parameter wge, for the IEEE 69-bus system.
Wgeo Optimal Configuration Losses (kW) ENS (kWh/Year) Dgeo Indicator (km)
0 [551073 13 71] 74.1545 22,514.22 11.3222
0.001 [56 10 64 13 71] 72.5594 22,762.02 5.5039
0.01 [56 9 64 13 71] 73.1561 22,812.42 5.5039
0.05 [579 6413 71] 73.1561 22,812.42 5.5039
0.10 [56 9 64 13 45] 74.1388 23,000.58 0.78627
0.50 [57 9 64 13 43] 75.2529 23,235.78 0.78627
1.00 [58 924 13 43] 77.4847 22,920.78 0.78627
Table 10 verifies how the reported values of Dge, are obtained for representative config-
urations. In each case, the indicator corresponds to the sum of the representative georefer-
enced distances associated with the five switching devices selected for opening. Therefore,
the values reported in Tables 8 and 9 are not interpreted as the total physical feeder length,
but as a relative spatial indicator associated with the selected switching maneuvers.
Table 10. Verification of the Dge, indicator for representative configurations.
System Wgeo Selected Switches Distance Sum (km) Dgeo Indicator (km)
33-bus 0 [28 711 34 36] 0.2780 + 0.4009 + 0.4009 + 2.4055 + 3.7626 7.2479
33-bus 0.001 [28 71134 32] 0.2780 + 0.4009 + 0.4009 + 2.4055 + 0.2780 3.7633
33-bus 1.00 [377111332] 1.1119 + 0.4009 + 0.4009 + 0.4009 + 0.2780 2.5927
69-bus 0 [5510731371]  0.1573 + 0.1573 + 5.9756 + 0.1573 + 4.8748 11.3222
69-bus 0.001 [56 1064 1371]  0.1573 + 0.1573 + 0.1573 + 0.1573 + 4.8748 5.5039
69-bus 0.10 [56 9 64 13 45] 0.1573 + 0.1573 + 0.1573 + 0.1573 + 0.1573 0.7863

Based on the obtained results, it is observed that high values of wge, tend to prioritize
the reduction of the georeferenced indicator, which may lead to less favorable active power
losses or ENS values. Conversely, very low values do not produce a significant impact on
the spatial distribution of the switching maneuvers.

The selection of the weighting factor wge, was based on the trade-off observed among
active power losses, ENS, and the relative georeferenced spatial-operational indicator
associated with the selected switching devices. In this regard, the value wgeo = 0.001 was
identified as the lowest weighting factor capable of producing a noticeable reduction in
Dgeo while maintaining active power losses and ENS within a narrow range of variation.
Therefore, wge, is not intended to normalize all objective terms into equivalent units, but
rather to introduce an empirical weighting factor that allows Dge, to act as a secondary
spatial-operational criterion when candidate configurations have comparable electrical and
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reliability performance. This value allows the spatial-operational indicator to influence the
optimization process without dominating the electrical and reliability criteria. In contrast,
higher values of wge, tend to excessively prioritize the reduction of Dgeo, which may lead
to configurations with degraded electrical performance or higher ENS values. Therefore,
the selected weighting factor provides an appropriate balance between the relative spatial-
operational indicator and system performance.

4.5. Results Considering ENS and the Device Availability Constraint Gy ;

This section compares the results of the IEEE 33-bus and 69-bus test systems under
the initial condition, corresponding to the base configuration with open tie lines, against
the results obtained with the optimal configuration. The latter was obtained by minimizing
power losses and ENS, while additionally incorporating the binary operability constraint
Gy i, which limits the set of candidate sectionalizing devices to those that are technically
operable. The optimal configuration was obtained using MRFO.

In this scenario, the relative georeferenced spatial-operational indicator Dge, is not
yet incorporated into the weighted scalar objective function; therefore, the analysis focuses
only on electrical, reliability, and operational feasibility criteria. The base and optimal
configurations obtained for the IEEE 33-bus and 69-bus systems are summarized in Table 11.

Table 11. Configuration of the MRFO Algorithm.

System T (Max. Iter.) Base Configuration Optimal Configuration
33 bus 55 33-34-35-36-37 28-33-11-34-32
69 bus 45 69-70-71-72-73 10-16-55-62-71

The evaluation considers active power losses and ENS as the main indicators, along
with the variation in voltage level as the resulting electrical indicator.

Table 12 presents the comparative results obtained for the IEEE 33-bus and 69-bus
systems, considering the base case, without performing the optimization process, and the
obtained optimal configuration, without considering the relative georeferenced spatial-
operational indicator Dgeo. In both systems, a significant improvement is observed in the
analyzed indicators, demonstrating the effectiveness of the proposed method.

Table 12. Comparison of results for the IEEE 33-bus and 69-bus systems

33-Bus System 69-Bus System
Indicator Base Case  Optimal Configuration Variation (%) Base Case  Optimal Configuration  Variation (%)
Losses (kW) 202.677 143.711 —29.094 224.991 73.129 —67.497
ENS (kWh/year) 16,212 13,458 —16.987 29,674.5 22,778.82 —23.238
Minimum Voltage (p.u.) 0.913 0.939 2.848 0.909 0.960 5.611

Active power losses show significant reductions with respect to the base case in both
systems. In the 33-bus system, losses decrease from 202.677 kW to 143.711 kW, equivalent
to a reduction of 29.094%. Likewise, in the 69-bus test network, losses decrease from
224.991 kW to 73.129 kW, achieving a more pronounced reduction of 67.497%. These results
indicate that the obtained configurations redistribute the power transfer in the network
more efficiently, reducing currents in the most heavily loaded branches and, consequently,
the losses associated with conductor resistance.

In terms of reliability, ENS also improves in both systems. In the 33-bus system, ENS
decreases from 16,212 kWh/year to 13,458 kWh/year, representing a reduction of 16.987%.
For the 69-bus system, ENS decreases from 29,674.5 kWh/year to 22,778.82 kWh/year,
equivalent to a reduction of 23.238%. These results confirm that incorporating the ENS
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index into the optimization process makes it possible to identify configurations that not only
reduce technical losses but also decrease the energy impact of service interruptions under
N — 1 contingencies. The evolution of active power losses and ENS during the optimization
process for the IEEE 33-bus and 69-bus systems is shown in Figures 3 and 4, respectively.
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Figure 3. Comparison of losses and ENS for the IEEE 33-bus system.
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Figure 4. Comparison of losses and ENS for the IEEE 69-bus system.

Regarding the voltage profile, both systems show an improvement in the minimum
voltage after reconfiguration. In the 33-bus system, the minimum voltage increases from
0.913 p.u. to 0.939 p.u., which represents an improvement of 2.848%. In the 69-bus
network, the minimum voltage increases from 0.909 p.u. to 0.960 p.u., corresponding to
an improvement of 5.611%. The reduction in losses and the redistribution of power flows
indirectly contribute to improving the voltage conditions at the buses located farthest from
the feeder. The voltage profiles before and after reconfiguration for the IEEE 33-bus and
69-bus systems are presented in Figures 5 and 6, respectively.
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Figure 5. Voltage profile for the IEEE 33-bus system.
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Figure 6. Voltage profile for the IEEE 69-bus system.

Overall, the data shown in Table 12 demonstrate that the proposed methodology
makes it possible to simultaneously improve energy efficiency, supply reliability, and
service quality in both smaller networks and networks with greater topological complexity.
This confirms the ability of the algorithm to efficiently analyze all possible solutions and
identify optimal configurations under electrical and operational constraints.

Although the obtained results demonstrate significant improvements in electrical per-
formance indicators, it is necessary to complement the analysis with a statistical validation

of the optimization algorithm and an assessment of the impact of the relative georeferenced
spatial-operational indicator on the obtained configurations.

4.6. Results Considering ENS, the Device Availability Constraint Gy ;, and the Relative
Georeferenced Spatial-Operational Indicator Dge,

In this scenario, the relative georeferenced spatial-operational indicator Dge, is incor-
porated into the weighted scalar objective function in order to include spatial information
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associated with the selected switching devices within the adopted representative coor-
dinate model. Unlike the previous case, this scenario simultaneously considers power
losses, ENS, the switching device availability constraint Gy ;, and the relative georeferenced
spatial-operational indicator Dgeo.

To quantitatively evaluate the performance of the proposed methodology, a direct
comparison is made with the results reported in [12], where distribution system reconfigu-
ration is addressed using incidence matrices and the MRFO algorithm considering only
electrical criteria.

The results of the proposed methodology are presented through two analysis scenar-
ios: one in which the relative georeferenced spatial-operational indicator is included and
another in which it is not considered, as described in Section 4.5. This comparison is per-
formed to assess the impact of incorporating the relative georeferenced spatial-operational
indicator into the optimization process.

For the 33-bus system, the inclusion of the relative georeferenced spatial-operational in-
dicator leads to a reduction in Dge, from 7.247 km to 3.763 km. In addition, the configuration
obtained with Dge, presents a slightly lower ENS value, decreasing from 13,458 kWh/year
to 13,020 kWh/year, while active power losses remain within a narrow range, changing
from 143.711 kW to 143.185 kW. These results indicate that incorporating the relative geo-
referenced spatial-operational indicator reduces the representative spatial separation of the
selected switching maneuvers without degrading the electrical or reliability performance
of the system. Therefore, for the IEEE 33-bus case, the proposed formulation with Dge,
provides a more favorable compromise among active power losses, ENS, and the relative
spatial indicator. A summary of these results is presented in Table 13.

Table 13. Comparison of results for the IEEE 33-bus system.

Proposed Methodology
Indicator MREFO [12] - -
Without Dgeo With Dge,
Losses (kW) 139.978 143.711 143.185
ENS (kWh/year) Not considered 13,458 13,020
Dgeo indicator (km) Not considered 7.247 3.763

A corresponding comparison for the IEEE 69-bus system is presented in Table 14.

Table 14. Comparison of results for the IEEE 69-bus system.

Proposed Methodology
Indicator MRFO [12] - -
Without Dgeo With Dge,
Losses (kW) 73.0 73.129 72.559
ENS (kWh/year) Not considered 22,778.82 22,762.02
Dgeo indicator (km) Not considered 11.322 5.503

For the 69-bus system, the inclusion of the relative georeferenced spatial-operational
indicator made it possible to substantially reduce Dgeo from 11.322 km to 5.503 km.
In addition, the results show a slight improvement in active power losses, decreasing
from 73.129 kW to 72.559 kW, while ENS remains practically unchanged, varying from
22,778.82 kWh/year to 22,762.02 kWh/year. These results indicate that the proposed
methodology achieves a balanced solution among electrical performance, reliability, and
the relative spatial distribution of the selected switching devices.

The obtained results indicate that, although conventional reconfiguration approaches
may achieve slightly greater reductions in technical losses when this variable is considered
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as the only optimization criterion, such configurations do not necessarily represent more
realistic operating conditions when evaluated in terms of reliability and switching feasibility.
In contrast, the proposed methodology explicitly integrates the ENS index, operational
constraints, and the relative georeferenced spatial-operational indicator associated with the
selected switching devices, thereby restricting and ranking the search space according to
technically implementable and spatially informed configurations.

This weighted scalar formulation makes it possible to obtain solutions that not only op-
timize energy performance but also improve supply continuity and are more representative
of the operating conditions present in electrical distribution networks.

4.7. Statistical Validation of the Proposed Methodology

To evaluate the consistency of the proposed methodology, particularly with respect
to the electrical and reliability indicators, a statistical validation is performed based on
30 runs of the simulation algorithm under identical initial conditions. Multiple simulations
are carried out for the 33-bus and 69-bus systems, obtaining the results shown in Table 15.

Table 15 summarizes the main statistical indicators, namely minimum, maximum,
mean, standard deviation, and coefficient of variation (CV), for the variables considered in
the optimization process. These variables include active power losses, ENS, and the Dge,
indicator, with the aim of characterizing the dispersion of the solutions obtained in the
independent runs.

Table 15. Statistical validation of the proposed methodology for the IEEE 33-bus and 69-bus systems

System Indicator Min. Max. Mean  Std. Dev. CV (%)
Losses (kW) 142.758  145.043  143.834 0.538 0.37

33-bus  ENS (kWh/year) 12,458 14,244  13,260.77  464.89 3.51
Dgeo indicator (km) 3.763 8.081 5.8105 1.486 25.57
Losses (kW) 72.533 74.905 73.565 0.690 0.94

69-bus  ENS (kWh/year) 22,356.72  23,987.82 22,771.42 419.58 1.84
Dgeo indicator (km) 5.503 11.320 7.2481 2711 37.40

For active power losses, the coefficient of variation remains below 1% in both test sys-
tems. This low dispersion indicates that the proposed methodology consistently converges
toward configurations with similar electrical performance, despite the stochastic nature of
the MRFO search process.

Similarly, ENS presents relatively low dispersion, with CV values of 3.51% for the
IEEE 33-bus system and 1.84% for the IEEE 69-bus system. These results indicate stable reli-
ability performance among the independent runs and show that the proposed formulation
consistently identifies configurations with comparable ENS values.

In contrast, the Dge, indicator presents higher variability, with CV values of 25.57%
and 37.40% for the IEEE 33-bus and 69-bus systems, respectively. This result should not be
interpreted as robustness of the georeferenced term itself. Rather, it indicates that several
spatially different switching configurations may provide similar electrical and reliability
performance. Therefore, the higher variability of Dge, reflects the existence of multiple
feasible spatial arrangements within the search space, instead of convergence instability in
the main electrical indicators.

Overall, the statistical results support the robustness claim mainly with respect to the
electrical and reliability indicators, namely active power losses and ENS, for which low CV
values were obtained. The higher dispersion observed in Dgeo should not be interpreted
as robustness of the georeferenced indicator itself. Instead, it reflects spatial flexibility
among feasible configurations and highlights the need to analyze the relative georeferenced
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spatial-operational indicator as a complementary operational criterion rather than as the
sole indicator of convergence quality.

5. Conclusions

This work presented an optimal reconfiguration methodology for electrical distribu-
tion systems that incorporates technical, reliability, operational, and spatial criteria within a
unified optimization framework. Unlike conventional approaches focused mainly on active
power loss reduction and voltage profile improvement, the proposed formulation explicitly
includes Energy Not Supplied (ENS) as a reliability indicator, allowing the reconfiguration
process to account for the impact of service interruptions under contingency conditions.

The incorporation of ENS into the objective function, through a suitable weighting fac-
tor, makes it possible to combine reliability-related information with electrical performance
indicators. As a result, the optimization process is guided toward configurations that not
only reduce technical losses but also mitigate the energy impact associated with supply
interruptions. This provides a more comprehensive assessment of the operational benefits
obtained through network reconfiguration.

In addition, the proposed availability constraint for switching devices allows non-
operable or impractical maneuvers to be excluded from the search space. This constraint,
implemented through a binary matrix associated with the candidate sectionalizing devices
in each loop, accounts for conditions such as equipment deterioration, lack of remote-
control capability, physical limitations, or difficult access. Therefore, the resulting con-
figurations are more feasible from an operational standpoint and better aligned with the
practical conditions of real distribution networks.

The inclusion of the relative georeferenced spatial-operational indicator further en-
hances the proposed methodology by incorporating representative spatial information
related to the location of network elements and switching devices. By considering the
representative georeferenced distance associated with the selected switching devices, the
model favors solutions with lower representative spatial separation without modifying
the electrical parameters of the test systems. This aspect is relevant for practical operation,
since spatial location may be associated with access, travel, and switching considera-
tions that can influence service restoration and reliability performance in real distribution
networks; however, the proposed indicator should be interpreted as a relative spatial-
operational proxy rather than as an exact measure of travel time, switching-operation time,
or restoration time.

The methodology was validated using the IEEE 33-bus and 69-bus test systems. The
results showed reductions in active power losses, improvements in the minimum voltage
profile, and decreases in ENS, confirming that the proposed approach can simultane-
ously improve energy efficiency, supply reliability, and service quality. Moreover, the
statistical validation demonstrated consistent behavior in the electrical and reliability in-
dicators, particularly active power losses and ENS. The higher variability observed in
Dgeo should be interpreted as spatial flexibility among feasible switching configurations
rather than as direct evidence of convergence robustness for the relative georeferenced
spatial-operational indicator.

It is worth noting that the georeferenced information used in this study is representative
and does not correspond to an actual utility GIS database. Therefore, Dgeo should be interpreted
as a relative georeferenced spatial-operational indicator rather than as an exact field distance,
road-network distance, or operational time metric. Similarly, the uniform failure rates and
repair times used for ENS calculation should be interpreted as controlled assumptions for
the IEEE test systems, since these systems do not provide historical reliability records. In
real distribution networks, these parameters may vary according to line type, equipment
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condition, environmental exposure, maintenance practices, and utility-specific outage statistics.
Consequently, the application of the proposed methodology to real distribution networks
with GIS information, historical interruption records, remote-control availability data, and
practical switching constraints represents a relevant direction for future work.

Overall, the proposed methodology provides a more realistic and comprehensive
framework for distribution system reconfiguration. By integrating electrical performance,
reliability, switching-device availability, and the relative georeferenced spatial-operational
indicator, the approach supports the selection of configurations that are technically efficient,
operationally feasible, and more representative of the practical operation of electrical
distribution networks.
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Appendix A. Geographic Coordinates of the IEEE 33-Bus System

The following coordinates correspond to the spatial representation adopted for the
IEEE 33-bus test system. Since the original IEEE system does not include geographic
information, representative coordinates located within the city of Quito were assigned
while preserving the topological structure of the network.

Table Al. Geographic coordinates assigned to the IEEE 33-bus system.

Bus Latitude Longitude
1 —0.1807 —78.4678
2 —0.1790 —78.4700
3 —0.1770 —78.4730
4 —0.1750 —78.4760
5 —0.1730 —78.4790
6 —0.1710 —78.4820
7 —0.1690 —78.4850
8 —0.1670 —78.4880
9 -0.1650 —78.4910
10 —0.1630 —78.4940
11 —0.1610 —78.4970
12 —0.1590 —78.5000
13 -0.1570 —78.5030
14 —0.1550 —78.5060
15 —0.1530 —78.5090
16 —0.1510 —78.5120
17 —0.1490 —78.5150
18 —0.1470 —78.5180
19 —0.1760 —78.4680
20 —0.1740 —78.4660
21 —0.1720 —78.4640
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Table Al. Cont.

Bus Latitude Longitude
22 —0.1700 —78.4620
23 —0.1780 —78.4710
24 —0.1760 —78.4725
25 —0.1740 —78.4740
26 —0.1720 —78.4755
27 —0.1700 —78.4770
28 —0.1680 —78.4785
29 —0.1660 —78.4800
30 —0.1640 —78.4815
31 —0.1620 —78.4830
32 —0.1600 —78.4845
33 —0.1580 —78.4860

Appendix B. Geographic Coordinates of the IEEE 69-Bus System

The following coordinates correspond to the spatial representation adopted for the
IEEE 69-bus test system. Since the original IEEE system does not include geographic
information, representative coordinates located within the city of Quito were assigned
while preserving the topological structure of the network.

Table A2. Geographic coordinates assigned to the IEEE 69-bus system.

Bus Latitude Longitude

1 —0.1800 —78.4800
2 —0.1790 —78.4790
3 —0.1780 —78.4780
4 —0.1770 —78.4770
5 —0.1760 —78.4760
6 —0.1750 —78.4750
7 —0.1740 —78.4740
8 —0.1730 —78.4730
9 —0.1720 —78.4720
10 —0.1710 —78.4710
11 —0.1700 —78.4700
12 —0.1690 —78.4690
13 —0.1680 —78.4680
14 —0.1670 —78.4670
15 —0.1660 —78.4660
16 —0.1650 —78.4650
17 —0.1640 —78.4640
18 —0.1630 —78.4630
19 —0.1620 —78.4620
20 —0.1610 —78.4610
21 —0.1600 —78.4600
22 —0.1590 —78.4590
23 —0.1580 —78.4580
24 —0.1570 —78.4570
25 —0.1560 —78.4560
26 —0.1550 —78.4550
27 —0.1540 —78.4540
28 —0.1530 —78.4530
29 —0.1520 —78.4520
30 —0.1510 —78.4510
31 —0.1500 —78.4500
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Table A2. Cont.

Bus Latitude Longitude
32 —0.1490 —78.4490
33 —0.1480 —78.4480
34 —0.1470 —78.4470
35 —0.1460 —78.4460
36 —0.1450 —78.4450
37 —0.1440 —78.4440
38 —0.1430 —78.4430
39 —0.1420 —78.4420
40 —0.1410 —78.4410
41 —0.1400 —78.4400
42 —0.1390 —78.4390
43 —0.1380 —78.4380
44 —0.1370 —78.4370
45 —0.1360 —78.4360
46 —0.1350 —78.4350
47 —0.1340 —78.4340
48 —0.1330 —78.4330
49 —0.1320 —78.4320
50 —0.1310 —78.4310
51 —0.1300 —78.4300
52 —0.1290 —78.4290
53 —0.1280 —78.4280
54 —0.1270 —78.4270
55 —0.1260 —78.4260
56 —0.1250 —78.4250
57 —0.1240 —78.4240
58 —0.1230 —78.4230
59 —0.1220 —78.4220
60 —0.1210 —78.4210
61 —0.1200 —78.4200
62 —0.1190 —78.4190
63 —0.1180 —78.4180
64 —0.1170 —78.4170
65 —0.1160 —78.4160
66 —0.1150 —78.4150
67 —0.1140 —78.4140
68 —0.1130 —78.4130
69 —0.1120 —78.4120

Appendix C. Georeferenced Distances of Candidate Switching Devices
for the IEEE 33-Bus System

The following table reports the representative georeferenced distance associated with
each candidate switching device of the IEEE 33-bus test system. These values were calcu-
lated from the latitude and longitude of the terminal buses of each corresponding branch.
The distances are used to compute the Dge, indicator for each candidate reconfiguration.

Table A3. Representative georeferenced distances of candidate switching devices for the IEEE
33-bus system.

Switch From Bus To Bus Distance (km)
3 3 4 0.4009
4 4 5 0.4009
5 5 6 0.4009
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Table A3. Cont.

Switch From Bus To Bus Distance (km)
22 3 23 0.2486
23 23 24 0.2780
24 24 25 0.2780
25 6 26 0.7313
26 26 27 0.2780
27 27 28 0.2780
28 28 29 0.2780
37 25 29 1.1119
2 2 3 0.4009
6 6 7 0.4009
7 7 8 0.4009
18 2 19 0.4009
19 19 20 0.3145
20 20 21 0.3145
33 21 8 2.7260
8 8 9 0.4009
9 9 10 0.4009
10 10 11 0.4009
11 11 12 0.4009
21 21 22 0.3145
35 12 22 4.3989
12 12 13 0.4009
13 13 14 0.4009
14 14 15 0.4009
34 9 15 2.4055
15 15 16 0.4009
16 16 17 0.4009
17 17 18 0.4009
29 29 30 0.2780
30 30 31 0.2780
31 31 32 0.2780
32 32 33 0.2780
36 18 33 3.7626

Appendix D. Georeferenced Distances of Candidate Switching Devices
for the IEEE 69-Bus System

The following table reports the representative georeferenced distance associated with
each candidate switching device of the IEEE 69-bus test system. These values were calcu-
lated from the latitude and longitude of the terminal buses of each corresponding branch.
The distances are used to compute the Dge, indicator for each candidate reconfiguration.

Table A4. Representative georeferenced distances of candidate switching devices for the IEEE
69-bus system.

Switch From Bus To Bus Distance (km)
4 4 5 0.1573
5 5 6 0.1573
6 6 7 0.1573
7 7 8 0.1573
8 8 9 0.1573
46 4 47 6.6046
47 47 48 0.1573
48 48 49 0.1573
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Table A4. Cont.

Switch From Bus To Bus Distance (km)
49 49 50 0.1573
52 9 53 6.9189
53 53 54 0.1573
54 54 55 0.1573
55 55 56 0.1573
56 56 57 0.1573
57 57 58 0.1573
58 58 59 0.1573
72 50 59 1.4153
3 3 4 0.1573
9 9 10 0.1573
10 10 11 0.1573
35 3 36 5.1889
36 36 37 0.1573
37 37 38 0.1573
38 38 39 0.1573
39 39 40 0.1573
40 40 41 0.1573
41 41 42 0.1573
42 42 43 0.1573
69 11 43 5.0318
11 11 12 0.1573
12 12 13 0.1573
21 21 22 0.1573
22 22 23 0.1573
23 23 24 0.1573
24 24 25 0.1573
25 25 26 0.1573
26 26 27 0.1573
59 59 60 0.1573
60 60 61 0.1573
61 61 62 0.1573
62 62 63 0.1573
63 63 64 0.1573
64 64 65 0.1573
73 65 27 5.9756
13 13 14 0.1573
14 14 15 0.1573
15 15 16 0.1573
16 16 17 0.1573
17 17 18 0.1573
18 18 19 0.1573
19 19 20 0.1573
20 20 21 0.1573
70 13 21 1.2580
43 43 44 0.1573
44 44 45 0.1573
45 45 46 0.1573
71 15 46 4.8748
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