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Abstract

This paper proposes an Adaptive Dynamic Binary Whale Optimization Algorithm (AD-
BWOA) for solving the Distribution Network Reconfiguration (DNR) problem. The pro-
posed method combines a nonlinear adaptation of the convergence parameter, a hybrid
deterministic-stochastic mechanism for position-update selection, a binary transfer strategy,
and a stagnation-based stopping criterion to improve the balance between exploration
and exploitation and reduce unnecessary search iterations. The algorithm is implemented
in Python and integrated with DIgSILENT PowerFactory, which performs the load-flow
calculations and verifies the operational constraints of each candidate configuration. The per-
formance of AD-BWOA is evaluated on 69-, 94-, and 135-bus distribution systems through
100 independent runs. The results show that the proposed method consistently reaches the
best or reference solutions reported for the evaluated systems, with high repeatability in
the 69- and 94-bus cases and competitive performance in the 135-bus system. In addition,
the adaptive mechanisms contribute to reducing the number of iterations required for
convergence under the adopted stopping criteria. The results indicate that AD-BWOA is a
promising and reliable approach for discrete DNR problems, particularly when search-space
reduction and adaptive control mechanisms are combined.

Keywords: distribution network reconfiguration; power loss reduction; whale optimization
algorithm; metaheuristic optimization; adaptive optimization; electrical distribution systems
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Due to the combinatorial and non-linear nature of the DNR problem, numerous meta-
heuristic optimization approaches have been proposed in the literature. Pegado et al. [2]
introduced the Improved Selective Binary Particle Swarm Optimization (IS-BPSO), which
incorporates a control parameter in the sigmoidal transfer function to enhance stability
and convergence performance, achieving significant power loss reductions in 33- and 94-
bus systems. Nguyen et al. [3] proposed the Enhanced Binary Cuckoo Search Algorithm
(EBCSA), which adapts the cuckoo search method to the binary domain and integrates a
local search mechanism, demonstrating superior performance compared to several bench-
mark algorithms in systems with up to 136 buses. Similarly, Kahouli et al. [4] investigated
loss reduction and reliability improvement using techniques such as exhaustive search,
genetic algorithms, and PSO, highlighting the latter for its computational efficiency.

In recent years, several nature-inspired metaheuristic algorithms have also been ex-
plored to address the DNR problem. Solanki et al. [5] applied the Whale Optimization
Algorithm (WOA), obtaining power loss reductions of 31.1% and 55.58% in 33- and 69-bus
systems, respectively. Alqahtani et al. [6] implemented the Gray Wolf Optimization (GWO)
algorithm, achieving improvements of up to 56.44% in power loss reduction. Wu et al. [7]
developed a hybrid Chaos PSO-Chicken Swarm Fusion Optimization (CPSCSFO) algo-
rithm that integrates chaotic mechanisms and encoding strategies to guarantee valid radial
configurations, achieving reductions of up to 69.59% when distributed generation is consid-
ered. Likewise, Siregar et al. [8] confirmed the superiority of PSO over exhaustive search
techniques, while Jia et al. [9] proposed the Improved Arithmetic Optimization Algorithm
(IAOA), incorporating diversification strategies and adaptive control mechanisms to en-
hance convergence and avoid local optima. More recently, Dehghany and Asghari [1]
introduced a multi-objective approach based on the Wild Mice Colony (WMC) algorithm,
simultaneously optimizing power losses, voltage profile, and reliability, obtaining superior
results compared to conventional methods.

Despite the significant progress reported in the literature, many existing methods still
suffer from premature convergence or stagnation in local optima when dealing with large
and complex distribution systems. Therefore, there is a need for more robust optimization
frameworks capable of maintaining a suitable balance between exploration and exploitation
during the search process.

Table 1 summarizes the main studies reported in the literature, highlighting the year of
publication, optimization method, test system, and source of publication for each contribution.

Recent studies indicate that metaheuristic optimization strategies, particularly those
based on hybrid models and adaptive mechanisms, have shown promising results for solving
the DNR problem. Multi-objective optimization frameworks that simultaneously address
power loss minimization, voltage profile improvement, load balancing, and switching opera-
tion efficiency have benefited from approaches such as neural-based models (QOC-NNA),
hybrid optimization schemes (FWA-IGBA), and fuzzy logic integrated with evolutionary
strategies. Furthermore, the increasing penetration of renewable energy sources and electric
vehicles has significantly increased the operational complexity of distribution networks,
requiring more robust, flexible, and computationally efficient optimization methods.

WOA was selected as the baseline algorithm because its search dynamics are governed
by a compact set of interpretable mechanisms—encircling, spiral motion, and random-agent
search—whose relative activation can be directly influenced through the parameters a, A,
and p. In addition, WOA has previously been applied to discrete distribution network
reconfiguration, providing a relevant baseline for evaluating WOA-specific adaptive and
binary/discrete extensions. Therefore, the selection of WOA does not imply that it is
universally superior to other metaheuristic approaches; rather, it provides an established
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framework in which the proposed convergence-control, position-update selection, and

stopping mechanisms can be systematically evaluated for the combinatorial DNR problem.

Table 1. Summary of the reviewed literature on distribution network reconfiguration.

Ref. Year Method/Algorithm Test System Source
[2] 2019 Ej‘;t’fﬁflﬁffjﬂfﬁgﬁggg? Particle Swarm 33-bus, 94-bus Article
3] 2021 fi?}ﬁ‘;n(cggcg’;‘;“y Cuckoo Search Algo- 33-bus, 69-bus, 70-bus, 136-bus Article
I
5] 2023 p/hase Optimization Algorithm (WOA) 33-bus, 69-bus Article
0 mm G lnmn GO B i
N EOwesecmmmmn o,
[8] 2024 pxhaustive f;gg;‘ and Particle Swarm Op- 33-bus Article
[9] 2024 Eﬁll’ rrrf‘(’legg;)thmeﬁc Optimization Algo- 33-bus, 69-bus Article
[1] 2004 Multi-objective Wild Mice Colony (WMC) 33-bus, 69-bus Article

Algorithm

Within this framework, this research introduces a novel approach based on the

Adaptive Dynamic Binary Whale Optimization Algorithm (AD-BWOA). The proposed
algorithm extends the conventional Whale Optimization Algorithm by incorporating

adaptive updating mechanisms designed to improve convergence behavior and prevent

stagnation in local optima. The model integrates dynamic control parameters, binary

transfer functions, and operators inspired by the cooperative hunting behavior of hump-

back whales, which are specifically adapted to address discrete decision problems such

as distribution network reconfiguration.

()

(b)

(c)

(d)

(e)

The main contributions of this work can be summarized as follows:

An adaptive dynamic binary optimization framework based on the Whale Optimiza-
tion Algorithm (WOA) is developed for the Distribution Network Reconfiguration
(DNR) problem, integrating adaptive search control, discrete decision mechanisms,
and feasibility verification within a unified solution procedure.

A nonlinear formulation of the convergence parameter 4, based on the combination of the
conventional linear decay and an exponential modulation term, is incorporated to provide
a dynamic evolution of the search intensity throughout the optimization process.

A hybrid deterministic—stochastic formulation of the parameter p is integrated with
the nonlinear evolution of 4, allowing the probability of selecting the position-update
mechanism to vary according to the convergence state of the algorithm while preserving
a stochastic search component.

A fundamental-loop-based search-space reduction strategy and a binary transfer mech-
anism are incorporated to adapt the continuous WOA search dynamics to the discrete
and combinatorial nature of DNR while enforcing radiality, connectivity, and electrical
operating constraints.

A stagnation-based stopping criterion is introduced to terminate the search when no
further improvement in the best solution is observed over a predefined number of
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consecutive iterations, thereby avoiding unnecessary iterations under the adopted
computational framework.

(f) The proposed AD-BWOA is evaluated through multiple independent runs on 69-,
94-, and 135-bus distribution systems. The results show high repeatability in the 69-
and 94-bus cases and competitive solution quality for the larger 135-bus system when
compared with reference results reported in the literature.

This paper is organized as follows. Section 2 presents the Distribution Network Re-
configuration (DNR) problem formulation. Section 3 describes the fundamental principles
of the Whale Optimization Algorithm (WOA). Section 4 introduces the proposed method,
referred to as AD-BWOA, together with its adaptive mechanisms. Section 5 presents the
application of the AD-BWOA algorithm to the distribution network reconfiguration problem.
Subsequently, Section 6 provides the simulation results and the corresponding analysis.
Finally, Section 7 summarizes the main conclusions of this study.

2. Distribution Network Reconfiguration (DNR)

Distribution network reconfiguration is a nonlinear and combinatorial problem whose
objective is to determine the optimal status of sectionalizing and tie switches in order
to reduce active power losses, balance loads, improve the voltage profile, and enhance
system reliability [10]. The configuration is modeled using binary variables (open/closed),
considering only the switches associated with fundamental loops in order to reduce the
search space without compromising solution quality.

Switching operations modify the network topology; therefore, it is essential to guaran-
tee radiality, service continuity, and compliance with operational constraints. From a graph
theory perspective, the network must maintain a radial structure equivalent to a spanning
tree, ensuring full connectivity while avoiding the formation of electrical islands [11].

The main objective of DNR is to minimize active power losses in distribution lines [10],

which can be expressed as:
Ny

min ) I?R, (1)
b=1

where

- b: Branch index;

- Nj: Total number of branches;

- I Current flowing through branch b;

- Ry: Resistance of branch b;

- min ) : Total active power losses (kW).

During system operation, several constraints must be satisfied, which are described
as follows.

e Radiality constraint: The distribution system must operate in a radial configuration,
meaning that closed loops are not allowed in the network. Consequently, the total
number of branches is determined by the following expression:

mench = Nhuses -1 (2)
where N represents the total number of buses.

Nloops =N inter — Nbranch (3)

where Nj,s denotes the number of independent loops in the network, Ny, represents
the total number of interconnections (including tie lines), and Ny .., corresponds to
the number of branches required for radial operation.
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e Voltage constraint: At each bus, the voltage magnitude must satisfy the follow-
ing condition:
Vmin < Vi < Vmax (4)
where V ;, = 0.95 p.u. and V., = 1.05 p.u. represent the lower and upper voltage
limits at bus i.

e  Current constraint: The magnitude of the current in each branch must satisfy:
I <Iy™ (5)

where [;'®* is the maximum allowable current in branch b.
e  Feasibility constraint: It is ensured that no load becomes isolated during the reconfigu-
ration process.

3. Whale Optimization Algorithm (WOA)

Humpback whales are marine mammals known for a distinctive hunting strategy
called bubble-net feeding. This technique consists of generating circular or spiral-shaped
bubbles to concentrate schools of small fish and krill near the surface. The hunting process
occurs in three main phases: encircling the prey, the spiral bubble-net formation, and the
subsequent capture of food. Each of these stages is described below [12]:

3.1. Encircling the Prey

Humpback whales identify the location of the prey as an initial position X(t) and
encircle it under the assumption that the current best solution represents the target prey.
Since the optimal location is unknown, the WOA assumes that the currently selected solution
corresponds to the optimal one. Once the best search agent is identified, the remaining
agents update their positions according to Equations (8) and (9) [12].

D=|C-X,(t) - Xt (6)

Xt+1) =X,() —A-D (7)

where X, () is updated at each iteration. The vectors A and C are defined as follows [12]:

HIZ—T (8)
A=23-7-4 9)
C=2-7 (10)

where

t: Current generation;
}?b(t): The best solution found so far;
d: Decreases linearly from 2 to 0;

>

7: Random vector in the range [0, 1].

3.2. Bubble-Net Spiral Feeding Mechanism

Two strategies are considered to model the bubble-net feeding behavior of humpback whales:

(a) Shrinking encircling mechanism: This mechanism is implemented by gradually de-
creasing the magnitude of the parameter 4, thereby reducing the range of A and
contracting the search region around the best solution found so far [12]. During the
exploitation (hunting) phase (JAl < 1), search agents update their positions within
this shrinking region. Figure 1 illustrates the relationship between the mathematical
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formulation and the resulting movement of the agents. In panel (a), the central ma-
genta/red point (X, Y) denotes the best solution found so far, corresponding to the
prey position. The colored squares (orange, blue, green, and pink) delineate concentric
search regions that contract as A decreases through the values 1, 0.8, 0.5, 0.4, and 0.2.
Filled colored points (blue, green, and pink) mark the initial search-agent positions
associated with different values of A, whereas open circles (pink and white) indicate
possible updated positions within the corresponding search regions.

(b) Spiral updating position: In this strategy, a spiral equation is used to model the helix-
shaped movement of humpback whales when approaching their prey. The position of
each whale is updated according to Equation (11):

X(t+1) =D et cos@2ml) + X, (t) (11)

where D' = ‘}?b(t) -X (t)‘ denotes the componentwise absolute difference between the
current search-agent position and the best solution )?b (1), bis a constant that defines the
shape of the logarithmic spiral, and / is a random number in [—1, 1]. Figure 1 illustrates
the geometric interpretation of this update mechanism. In panel (b), the gray spiral
depicts the logarithmic spiral path, and the gray circles mark possible updated positions
along it. The magenta point (X,Y) denotes the whale’s current position, while the
central red point (X*, Y*) denotes the best solution found so far, corresponding to the
prey position. The blue projection lines and coordinate axes illustrate how I determines
the exponential scaling and cosine modulation in Equation (11), thereby defining the
whale’s updated position relative to the prey.

Whales swim around the prey with a probability p = 0.5 to choose between the
shrinking encircling mechanism or the spiral model. This behavior is mathematically
expressed in Equation (12) [12]:

X,(t)—A-D, sip < 0.5,

2. , bl > . (12)
D' -e” . cos2ml) + X, (t), sip =0.5.

X(t+1) = {
where
e p: Random number in the range [0, 1];
e [: Random number in the range [—1,1];
e  b: Parameter that defines the shape of the logarithmic spiral.

(X*AXY) (X% xy) x
‘ L
| . \ *.)
P T '
) o —— Q X Y* ) D.
(XAXYY) | ® xy% &X5Y) o i
A=04
A=0.5
[ A=0.8 9
I A=1
(X*-AX,Y*-AY) (X% Y*AY) (X,Y*AY) 0.5 -1 1 !
(a) (b)

Figure 1. Illustration of the WOA mechanisms: (a) prey searching and (b) spiral updating position.

3.3. Prey Searching

Instead of using ib(t), a random candidate solution }?,gnd(t) is selected. This allows
the WOA to move the agents away from the reference whale. By imposing IAI > 1, the
exploration phase enables global search. The equations are presented below (13) and (14):

https://doi.org/10.3390/electricity7040134
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b = |é : imnd(t) - }?(t)‘ (13)

To properly interpret the relationship between the equation and the trajectory, see
Figure 2.

X(t'i‘l) = imnd(t) _A)f) (14)

where f(mnd is a random position vector from the current population.

Figure 2 illustrates the global exploration mechanism. The central magenta point
surrounded by colored rings denotes a randomly selected whale, X, na (F), which serves as
the reference position for updating the search agents. The colored squares (pink, green, blue,
and orange) delineate search regions that expand as A increases through the values 1, 1.4,
1.5, 1.8, and 2. This expansion illustrates how A controls the extent of agent displacement
relative to the selected whale, enabling a broader search of the solution space and promoting
global exploration.

( () 9
) r o
(X*AXY)  (xty) (XY)
(X% Y*)
A L (X*AKY¥) A
(O—0O—< . O—
X* Y
1.4
(X*AX, Y*AY) (X, Y*AY)
N A=1.5
) 1
(’\ ‘I/ \’ :\/*x\l A _1 - 8
Ay p_— N

Figure 2. Prey-searching mechanism of the WOA.

4. Proposed Method—(AD-BWOA)

A strategy based on the Whale Optimization Algorithm (WOA) is proposed, incorpo-
rating a dynamic control scheme for the key parameter 4 and a binary decision mechanism
in order to reinforce the balance between global exploration and local exploitation. The ap-
proach progressively reduces the magnitude of changes throughout the iterations, starting
with a broad exploration phase and evolving toward a fine-tuning of the solutions. This
adaptation improves stability, search efficiency, and performance in non-convex and multi-
modal spaces, which are characteristic of distribution network reconfiguration problems.

The implementation is developed in Python 3.13., using DIgSILENT PowerFactory
2024 through its API as the computational engine. Python manages the optimization logic
and generates candidate solutions, while PowerFactory performs the load-flow analysis
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and returns electrical variables such as voltages, currents, and power losses, forming an
integrated evaluation environment.

4.1. Modification of Parameter a in the WOA Algorithm

In the original WOA, the control parameter a decreases linearly over iterations, as
defined in Equation (8). This parameter controls the magnitude of the coefficient vector A
and, consequently, influences the transition between exploration and exploitation during
the optimization process

Several improved WOA variants have modified the conventional linear evolution of
(a) using nonlinear strategies. For example, Sun et al. [13] introduced a nonlinear decreas-
ing strategy for the convergence factor to regulate the exploration-exploitation process according
to the iteration number. Therefore, the use of a nonlinear convergence factor is not considered
an independent novelty of the present work. In the proposed AD-BWOA, a specific nonlinear
formulation is adopted by combining the conventional linear decay of (a) with an exponential
modulation factor. First, the exponential factor is defined as

t

§=e TN, (15)

where k > 0 is a control parameter that determines the intensity of the exponential mod-
ulation, (¢) denotes the current iteration, and max;,, represents the maximum number of
iterations. The convergence parameter is then calculated as

t
Q= 2(1 - )5, (16)
maXiger

This formulation preserves the decreasing behavior of the conventional WOA parameter

while introducing an additional exponential modulation controlled by k. Consequently, the
evolution of 4 is determined jointly by the iteration-dependent linear term and the exponential
factor, providing a nonlinear variation of the search intensity throughout the optimization
process. The role of this formulation in the proposed AD-BWOA is not to claim nonlinear
adaptation of a as an isolated contribution, since similar strategies have previously been
reported in the WOA literature. Instead, a provides the adaptive state used by the subsequent
hybrid formulation of the whale position mechanism p, establishing a direct relationship
between the convergence state of the algorithm and the selection of the position-update
mechanism. Thus, in the proposed framework, the evolution of a constitutes one component
of the coordinated adaptive mechanism described in the following subsection.

4.2. Adaptive Determination of the Whale Position Mechanism p

In the standard WOA, the parameter p is randomly generated within the interval
[0,1], and it controls the selection between the shrinking encircling mechanism and the
spiral updating strategy. In previous work by the authors, a hybrid formulation of p was
developed by incorporating the convergence parameter a with a stochastic component. In the
present study, this formulation is adopted and integrated with the nonlinear adaptation of
(a) within the proposed AD-BWOA.

To overcome this limitation, the parameter p is redefined as a function of the control
parameter a, incorporating both adaptive and stochastic components:

a
p= a(z) + (1 —a) rand(0, 1), (17)

where &« € [0, 1] is a weighting factor that determines the contribution of the adaptive and
stochastic components.

The value of p determines the position-update mechanism according to the following
rule: p < 0.5 selects the shrinking encircling mechanism, whereas p > 0.5 selects the spiral
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Values ofk = 1... 10

updating strategy. Therefore, the evolution of p directly modifies the probability of selecting
each position-update mechanism during the optimization process.

Unlike the conventional random formulation, p is dynamically related to the evolution
of a. Thus, the probability used to select the position-update mechanism changes according
to the convergence state of the algorithm while retaining a stochastic component. This
relationship allows the position-update mechanism to evolve throughout the optimization
process rather than being determined exclusively by an independent random variable.

In the proposed AD-BWOA, the hybrid p is combined with the nonlinear evolution
of a and the binary position-update mechanism used to determine the switching states
of the distribution network. Therefore, the hybrid formulation of p is not claimed as an
independent novelty of the present work. Its role in this study is to contribute to the
coordinated adaptive structure of the AD-BWOA, together with the nonlinear a formulation
and the stagnation-based stopping criterion.

The resulting evolution of parameters a and p throughout the optimization process is
illustrated in Figure 3.

pla)fora=02yk=6

— a=02

pla)

0.4

1.00

Value of parameter a

0.75

0.2
-—- ak=1
a (k=2)
-—- ak=3) 00
- ak=4)
-- a(k=5)
--- a(k=6)
a (k=7)
-~ a(k=g)
a (k=9)
-- a(k=10)

0 20 40 60 80 100
Iterations (t)

pla)fora=07yk=6

pla)

04

02

0.0

(a) Adaptive behavior of parameter a.

[ 20 40 60 80 100
Iterations (t)

Iteration

(b) Dynamic behavior of parameter p.

Figure 3. (a) Evolution of parameter a and (b) adaptive behavior of the proposed parameter p.

4.3. Search-Space Reduction via Selective Mesh Representation

The number of possible switching configurations of a distribution network grows
exponentially with the number of controllable switching elements. If n, switches are
independently represented by binary open/closed states, the unrestricted search space
contains up to 2" possible configurations. However, only a subset of these configurations
satisfies the radiality and connectivity requirements of distribution network operation.
Consequently, directly exploring the complete binary search space becomes increasingly
inefficient as the network size and number of switching devices increase.

To reduce this search space while maintaining radial operation, the proposed method
employs the concept of fundamental loops, following approaches reported in distribution
system reconfiguration studies [14-17]. For an initially radial distribution network, the
number of fundamental loops is determined according to

M=n-b, (18)
where M represents the number of fundamental loops, 7 is the total number of switching

elements, and b is the number of branches.
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The switches associated with the identified loops are organized into specific sets. Each
switching element is considered only once during the construction of the loop sets, avoiding
duplicated decision variables. For each loop k, the position of the switch to be opened is
selected within the valid range according to

jr = randi(1, Nyp), (19)

where j; represents the selected position of the open switch in loop k, and N is the number
of switching elements associated with that loop.

Thus, one switch is selected as open within each fundamental loop to construct the
candidate switching configuration. This representation restricts the optimization process to
the switching alternatives associated with the identified loops rather than independently
exploring all possible switch combinations.

When network elements are shared between loops, the corresponding switching element
is treated as a single physical component and is not duplicated in the search representation.
The complete switching configuration is subsequently evaluated to ensure radiality and
connectivity. Configurations that produce closed cycles, disconnected buses, isolated loads,
or violations of the operating constraints are considered infeasible and discarded [18].

4.4. Stopping Criteria

The AD-BWOA incorporates two complementary stopping criteria to ensure both
computational efficiency and solution quality.

The first criterion defines a maximum number of iterations, denoted as N,;,,, which
limits the computational effort and ensures fair comparison with other optimization methods.

The second criterion is based on the stagnation of the search process. Specifically, the
algorithm is terminated if no improvement in the global best solution (Gbest) is observed
over a predefined number of consecutive iterations, denoted as NR,,,.

Formally, the stopping condition can be expressed as:

Stop if (t > Ny,,) or (AGbest =0 for NR,, consecutive iterations)

The combination of these criteria prevents unnecessary evaluations once the search
process stabilizes, reduces computational overhead, and ensures that the algorithm does
not continue exploring without meaningful improvements.

4.5. Binary Transfer Mechanism

Since the original WOA operates in a continuous search space, a binary transfer mecha-
nism is required to adapt the optimization process to the discrete nature of the distribution
network reconfiguration problem. It is important, however, to distinguish the internal
search representation from the physical switching configuration. AD-BWOA internally
updates continuous real-valued search variables, which are subsequently discretized within
the admissible switching alternatives defined by the fundamental-loop representation. The
resulting physical network topology is then expressed as a binary switch-state vector, where
1 denotes a closed switch and 0 denotes an open switch.

To perform this discretization, the continuous positions generated by the whales are
mapped into binary switching states using a sigmoid transfer function. The sigmoid function
converts each continuous position x into a scalar value within the interval (0, 1), as defined
in Equation (20):

S(x) = (20)

14+e
To reduce premature stagnation and promote population diversity, a Gaussian random
perturbation is introduced into the transfer process, as defined in Equation (21):

https://doi.org/10.3390/electricity7040134
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S'(x) = S(x) +¢€, (21)

where € represents the Gaussian perturbation term.
The final binary state of each decision variable is obtained by comparing the perturbed
transfer value with a uniformly distributed random number r € [0,1]:
1, S'(x;)>r,
X; = i) (22)
0, S'(xp)<r.

In the distribution network reconfiguration problem, the binary value represents
the switching state, where 1 denotes a closed switch and 0 denotes an open switch. The
resulting binary variables define a candidate switching configuration, which is subsequently
evaluated for radiality, connectivity, and electrical operating constraints through the load-
flow calculation in DIgSILENT PowerFactory. No explicit feasibility-repair operator is
employed in the present implementation. Instead, infeasible configurations are identified
during the topological and electrical feasibility-verification stages and are rejected without
updating the current best feasible solution.

This mechanism enables the continuous positions generated by AD-BWOA to be
mapped into discrete switching configurations while introducing a stochastic component
that helps preserve population diversity during the optimization process.

5. Application of AD-BWOA to Distribution Network
Reconfiguration (DNR)

The proposed Adaptive Dynamic Binary Whale Optimization Algorithm (AD-BWOA)
is applied to the Distribution Network Reconfiguration (DNR) problem, whose objective
is to minimize total active power losses while maintaining the electrical and topological
conditions required for network operation. The distribution network is represented by a
graph G = (V,E), where V = {1, ..., N, } denotes the set of buses and E = {1, ..., N;} the set
of branches. A feasible radial configuration must maintain a connected and acyclic topology.

The operating states of the branches are represented by the binary vector

k = [kllkZI"‘/kNl]’ kb E {O, 1}, (23)

where k, = 1 indicates that branch b remains energized and k, = 0 indicates that it is
open. For a given configuration k, the energized branches define the network topology and,
consequently, the electrical state obtained from the power-flow calculation.

The objective function of the DNR problem is to minimize the total active power losses
in the energized branches, expressed as

N;
min Py (k) = ) kyll,?Ry, (24)
b=1

where [, and R, represent the current magnitude and resistance of branch b, respectively. The
term k;, considers only the branches that remain energized in the evaluated configuration.

The candidate configuration must satisfy the electrical constraints associated with
voltage and current limits. For each bus,

Vi,min < Vi < Vz',max/ i=1, ---/Nb/ (25)

while the current in each branch must satisfy

IIb| S Ib,max/ b = 1, "‘/Nl' (26)

https://doi.org/10.3390/electricity7040134


https://doi.org/10.3390/electricity7040134

Electricity 2026, 7, 134

12 of 28

For each switching configuration, the electrical variables must satisfy the power-flow
equations corresponding to the evaluated topology. These conditions are compactly repre-
sented as

gV, k) =0, (27)

gV(V/I/k) = 0/ (28)

where g; represents the current balance at the buses and gy, represents the voltage—current
relationships of the energized branches. In the proposed implementation, these equations
are solved using the DIgSILENT PowerFactory power-flow calculation for each candidate
configuration. Therefore, the losses, voltages, and currents used by the algorithm corre-
spond to the electrical state calculated for the evaluated topology.

From a topological perspective, the distribution network must maintain a radial operat-
ing structure in which each energized load bus is supplied through a unique path from the
source. Therefore, a feasible configuration must be connected and must not contain closed
loops. For a connected network with N, buses and a single source, a radial configuration
contains exactly Nj, — 1 energized branches. Accordingly,

N;
Y k=N, —1. (29)
b=1

For a connected graph, the number of independent cycles, associated with the cyclo-
matic number of the network, is given by

Nloop =N1—Nb+1, (30)

where N, denotes the total number of available branches and N, the number of buses. This
relationship identifies the number of independent loops in the network topology. In a
radial configuration, the energized branches must form a connected and acyclic graph and,
therefore, the energized topology must not contain independent cycles. For a connected
network, this condition is equivalent to having N, — 1 energized branches. However,
satisfying this condition alone does not guarantee radiality, since a configuration with
N, — 1 energized branches may contain disconnected components. Therefore, topological
feasibility requires both network connectivity and the absence of closed loops, ensuring
that all load buses remain connected and energized from the source.

The Selective Space Mesh (SSM) incorporates the fundamental-loop information into
the search process by restricting the switching variables to the elements associated with
these loops. This reduces the effective search space and concentrates the reconfiguration
operations on topologically relevant alternatives. Candidate configurations are subsequently
verified in DIgSILENT PowerFactory to ensure compliance with connectivity, radiality, and
electrical operating conditions.

The set of electrically and topologically feasible configurations can be expressed as

gI(I/ V/k) = 0/
gV(V/I/k) = 0/
Vz',min < Vi < Vi,max/ . (31)
|Ib| < Ib,max/

N,
i ky =Np—1,
connected and acyclic network

Ofeas = 1k € {0, 1}V

Accordingly, the distribution network reconfiguration problem can be formulated as

min P} (k) (32)

kEQfeas
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The AD-BWOA explores the solution space using binary search and the representation
based on fundamental loops. The decision variables are restricted to the switching elements
associated with these loops, reducing the effective search space. The continuous positions
generated by the algorithm are transformed into binary states using the transfer mechanism
defined previously.

For each candidate configuration, the switching states are transferred from Python
to DIgSILENT PowerFactory, where the network topology is updated and the power-flow
calculation is executed. The calculated active power losses, bus voltages, and branch
currents are returned to Python to evaluate the objective function and verify the electrical
and topological constraints. Infeasible configurations are discarded.

Python manages the generation and evaluation of the configurations, while DIgSILENT
PowerFactory performs the electrical calculations. The iterative process continues until the
maximum number of iterations is reached or the stopping criterion based on consecutive
iterations without improvement in the objective function is satisfied.

The complete implementation of AD-BWOA for distribution network reconfiguration
is summarized in the following steps:

1.  Initial parameters. The initial conditions of the electrical system are defined using the
initial feasible radial network topology and its corresponding operating conditions,
including the base power, bus voltages, line currents, and network connectivity. The
algorithm parameters are then defined: the whale population size (m), the upper
bound of the adaptive parameter (a), the maximum number of iterations (N, ), and
the maximum number of consecutive iterations without improvement (NR,,).

2. Identification of fundamental loops. The fundamental loops of the meshed network are
identified from the initial radial topology, enabling the construction of the constrained
solution space (S,,). The number of independent loops defines the problem dimension-
ality (d,,). The switching elements associated with each loop are organized into specific
sets, and each switching element is considered only once during the construction of
these sets to avoid duplicated decision variables.

3. Initialization of positions. The whales are randomly initialized within the constrained
space S,,. For each whale, one switching element is selected from each fundamental-
loop set to construct an initial candidate topology. The resulting configuration is
evaluated to verify radiality and connectivity before performing the electrical evalu-
ation. The initial individual best solutions (P, ) are assigned, and the best feasible
solution found by the population (Gy,,) is determined.

4.  Iterative condition. The optimization process starts and continues while ¢ < N;;,, and
no stagnation condition is met, i.e., no improvement in the best feasible objective value
(Ppest) is observed for NR,, consecutive iterations.

5. Evaluation and update of P,,;. Each new topological configuration is evaluated
through the binarization process and topological feasibility verification. The cor-
responding switching states are transferred from Python to DIgSILENT PowerFactory,
where the load flow is executed. The resulting branch currents, bus voltages, and active
power losses are returned to Python for evaluation of the objective function and oper-
ating constraints. Configurations that violate radiality, connectivity, voltage, current,
or other specified operating constraints are considered infeasible. If f (X;) < Pbest; for
a feasible configuration, the individual best value of the whale is updated; otherwise,
the previous value is retained.

6. Adaptive parameter a. The parameter a regulates the search behavior throughout the
optimization process. In this version of AD-BWOA, it is adjusted according to the
nonlinear formulation presented in Equation (16), allowing the search behavior to
change progressively during the iterations.
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11.

12.

13.

14.

15.

16.

Update of movement parameters. The parameters A, C, and ! are updated, where
A controls the direction and magnitude of the movement, C introduces stochastic
variation, and I defines the spiral trajectory.

Hybrid parameter p. The parameter p, with a hybrid deterministic—stochastic formu-
lation, is calculated by combining the current value of 2 with a random component.
Consequently, the distribution of p changes according to the search stage, modify-
ing the relative selection of the encircling-based and spiral update mechanisms (see
Equation (17)).

Decision based on parameter p. If p < 0.5, the whale performs the encircling-based
position update; otherwise, it updates its position using the spiral movement around
the best feasible solution found. Thus, the value of p determines the update mecha-
nism, while the exploration or exploitation behavior of the encircling mechanism is
subsequently determined by the coefficient A.

Coefficient vector A. For the encircling-based mechanism, if |A| < 1, exploitation
is favored, and the whale updates its position based on the best feasible solution,
intensifying the search in its neighborhood. If |A| > 1, a randomly selected search
agent is used as the reference to promote global exploration.

Update toward the best solution. The whales update their positions with re-
spect to the current best feasible solution, which acts as the prey, according to
Equations (6) and (7).

Global exploration using a random agent. A random search agent is selected as
the reference, and the whales update their positions with respect to this agent to
promote exploration of different regions of the constrained solution space, using
Equations (13) and (14).

Spiral movement. The distance to the best feasible solution is computed, and the
position is updated following a spiral trajectory, simulating the whales” attacking
behavior (see Equation (11)).

Update of the best solution. The best feasible network configuration (Gy,,;) is identified
together with its corresponding objective-function value (P, ). If a new feasible
configuration provides a lower active power loss than the current best value, both G,
and Py, are updated. The improvement of the best solution is also monitored for the
stagnation criterion.

Iteration increment. The iteration index t is incremented, and the algorithm returns
to the iterative cycle until the maximum number of iterations or the stagnation-based
stopping criterion is satisfied.

Final solution obtained. The final solution G, corresponds to the best feasible radial
topology found by AD-BWOA during the optimization process. Its corresponding
active power losses and electrical operating variables obtained from DIgSILENT Pow-
erFactory are reported as the final optimization results. This solution represents the
best feasible solution obtained under the defined computational procedure and does
not imply a mathematical guarantee of global optimality.

The overall optimization procedure, including candidate generation, binary switching-

state determination, power-flow evaluation, constraint verification, and updating of the

best solution, is illustrated in the flowchart shown in Figure 4.

https://doi.org/10.3390/electricity7040134


https://doi.org/10.3390/electricity7040134

Electricity 2026, 7, 134

15 of 28

Initial parameters:
1 m, Nz‘ter/ Amax
X, i=1,...,n

l

Identification of fundamental loops
2 Search mesh set S,,
Dimensions d,,

l

Random generation of the initial population

11

3 Position initialization (Ppes, Gpest) N
Ay
£ < Niger No Final GS:ﬂ:ltion @
es
14
Update of the

best solution Py,

l

t=t+1 Adaptive parameter a
Equation (16)

15 l
Update of movement

parameters 7
(A,CD

|

Hybrid parameter p
Equation (17)

No U.pdat.e position
9 in spiral form
Equation (11)

Yes
Select Xm‘m51 No 13
Update position 10
Equations (6) and (7)
Yes

Update position
Equations (13) and (14)

12

Figure 4. Flowchart of the proposed AD-BWOA method for distribution network reconfiguration.

6. Simulation and Result Analysis

To evaluate the performance of the proposed method for Distribution Network Recon-
figuration (DNR), standard IEEE test systems with 69, 94, and 135 buses were analyzed.
These benchmark systems are widely adopted in the literature due to their different levels
of complexity and scalability, allowing a comprehensive assessment of the algorithm.

The proposed approach, based on the Whale Optimization Algorithm (WOA) with
adaptive mechanisms, was implemented in Python and executed on a system equipped
with an Intel(R) Core(TM) i7-8650U CPU at 1.90 GHz.

The evaluation focused on convergence behavior, robustness, and computational effi-
ciency. Multiple independent runs were performed to assess the stochastic nature of the
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algorithm, considering a population size of m. The analysis included key performance
indicators such as active power loss minimization, global optimum recurrence rate, and
standard deviation of the obtained solutions.

The simulation parameters (11, Niter, Amin Amaxs A, C, and NR,,,) were defined according
to the flowchart shown in Figure 4, ensuring consistent evaluation conditions across all test
systems. Electrical simulations were carried out using PowerFactory, where each candidate
solution was validated by verifying operational constraints, including voltage limits, current
limits, and radiality.

Finally, the parameters A, C, a,,,,, and a,,;, were selected based on recommendations
from the literature and empirical sensitivity analysis, ensuring an appropriate balance
between exploration and exploitation throughout the optimization process.

6.1. Case Study 1: 69-Bus Distribution System

The 69-bus electrical distribution system, with an apparent power of 10 MVA, proposed
by Savier and Das [14], is widely used in the literature for the evaluation and comparison
of optimization techniques. The nominal voltage of the system is 12.66 kV, and its structure
consists of five fundamental loops.

This system comprises 73 branches equipped with 68 sectionalizing switches and 5 tie
switches. Figure 5 illustrates the network topology and its associated loops. Red dashed
lines labeled S69 to S73 denote the normally open tie switches, which preserve the radial
network configuration. Solid black lines represent energized branches, while horizontal
bars indicate the distribution buses and closed sectionalizing switches (S1 to S68). Blue
numbers identify the buses, numbered 1 to 69. The gray shaded regions labeled M1 to
M5 delineate the five network loops, and the gray circular arrows indicate their respective
traversal directions.

Table 2 presents the results obtained for the 69-bus electrical distribution system based
on 100 independent simulations, considering a constant value of K = 5 and different values
of the parameter &, ranging from 0.1 to 1.0 with an increment of 0.1.

Table 2. Results of the 69-Bus electrical distribution system for different values of & (100 simulations).

Best Solution Worst Solution
«  Mean Value (kW) Std. Dev. No. of Global Solutions
Losses Switches Losses Switches

0.1 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.2 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.3 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319  [69,14,70,58,61]
04 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.5 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.6 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319  [69,14,70,58,61]
0.7 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.8 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319 [69,14,70,58,61]
0.9 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319  [69,14,70,58,61]
1.0 98.319 0.00 100 98.319 [69,14,70,58,61] 98.319  [69,14,70,58,61]

The results show a standard deviation equal to zero for all values of «, indicating a
highly consistent convergence behavior of the algorithm, as well as the absence of premature
convergence or entrapment in local optima.

The optimal switch configuration obtained was {569, S14, 570, S58, S61}, achieving
a minimum active power loss of 98.319 kW. It can be observed that, for all values of the
parameter «, the algorithm converges to the same optimal solution.

However, the values « = 0.1 and & = 0.4 reached this solution in only 12 iterations,
and are therefore considered the most efficient in terms of computational cost and
convergence speed.
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Table 3 compares the best solution obtained by AD-BWOA with previously reported
methods for the 69-bus system.

Figure 6 shows that the proposed method initially exhibits higher power losses than the
classical WOA; however, it achieves a rapid reduction in losses during the initial iterations
and converges to a solution of approximately 98.319 kW after 12 iterations. In comparison,
the classical WOA reaches a similar solution after 27 iterations, indicating a lower iteration
count of the proposed method. For « = 0.4, the proposed method requires an average
simulation time of 99.41 s under the computational platform described above. The legend
indicates the number of iterations required to reach convergence for each evaluated method.
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Figure 5. The 69-bus electrical distribution system.

Despite the presence of multiple local optima in the search space, the proposed algo-
rithm consistently obtained high-quality solutions, achieving an active power loss reduction
of up to 56.29%. Among the evaluated parameter settings, N;,., = 100 and m = 50 pro-
vides the most favorable trade-off between computational effort and solution quality, with
performance comparable to that obtained using larger populations but at a lower computa-
tional cost.
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Table 3. Comparison of methods for the electrical distribution system.
Method Open Switches Losses (kW) Reduction (%)
AD-BWOA (proposed, « = 0.1)  [69,14,70,58,61] 98.319 56.29
WOA [5] [58,63,14,10,12] 104.860 53.38
IWOA [19] [69,14,70,58,61] 98.319 56.29
Tabu [20] [69,14,70,55,61] 98.319 56.29

In the 69-bus system, the initial scenario exhibited a progressive voltage drop along
the feeder, reaching a minimum value of 0.909 p.u. at bus 65, with several buses operating
close to the lower acceptable limit.

After reconfiguration, the voltage profile improves significantly, increasing the min-
imum voltage to 0.949 p.u., which represents an approximate recovery of 0.040 p.u. The
most significant improvements are observed at the terminal buses (62-65), where voltage
increases exceed 0.05 p.u. Overall, a more uniform, stable voltage profile with an improved
operational margin is achieved.

11 Best solution - 69 buses
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Y 98.319 Y 98.319

g8l 1 L 1 L L | 1 |
0 10 20 30 40 50 60 70 80 90 100

Iteration

Figure 6. Comparison for the 69-bus electrical distribution system.

6.2. Case Study 2: 94-Bus Distribution System

The 94-bus electrical distribution system, with an apparent power of 100 MVA, pro-
posed by Su and Lee [15], corresponds to a real system from the Taiwan Power Company
(TPC) and is widely used as a benchmark for evaluating optimization techniques in distri-
bution networks. The nominal voltage of the system is 11.4 kV, and its topology includes
thirteen fundamental loops, which increases the complexity of the reconfiguration problem.

The system comprises 96 branches equipped with 83 sectionalizing switches and
13 tie switches, enabling a wide range of operating configurations subject to the radiality
constraint. Figure 7 illustrates the network topology. Red dashed lines labeled S84 to S96
denote the normally open tie switches, which preserve the radial network configuration.
Solid black lines represent energized branches, while thick horizontal lines indicate the
distribution buses, substation sources (A to K), and closed sectionalizing switches (51 to
583). Blue numbers identify the buses, numbered 1 to 83. The gray shaded regions labeled
M1 to M13 delineate the potential network loops and their associated feeder pairs, while
gray circular arrows indicate the traversal direction of each loop.
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Table 4 presents the results obtained for the 94-bus system based on 100 independent
simulations, considering a constant value of K = 5 and different values of the parameter «,
ranging from 0.1 to 1.0 with an increment of 0.1. The results show a zero standard deviation
for all values of &, indicating highly consistent convergence behavior, as well as the absence
of premature convergence or entrapment in local optima.

oot bodi I N B . I I O

Figure 7. The 94-bus electrical distribution system.

Table 4. Results of the 94-Bus electrical distribution system for different values of « (100 simulations).

Mean No. of Best Solution Worst Solution
« Value Std. Dev.  Global

(kW) Solutions  LOSses Switches Losses Switches
0.1 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838  [7,55,86,72,13,89,90,83,92,39,34,42,62]
0.2 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62]
0.3 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62]
04 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62]
0.5 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62]
0.6 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90, 83,92,39,34,42,62]
0.7 470.642 0.00 100 470.642 [7,55,86,72,13,89,90,83,92,39,33,42,62] 470.642 [7,55,86,72,13,89,90, 83,92,39,34,42,62]
0.8 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62 ]
0.9 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90, 83,92,39,34,42,62]
1.0 469.838 0.00 100 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62] 469.838 [7,55,86,72,13,89,90,83,92,39,34,42,62]

The optimal switch configuration obtained was {S7, S55, S86, S72, S13, S89, S90, S83,
592,539, 534, 542, S62}, achieving a minimum active power loss of 469.838 kW. It is observed
that, for all values of &, the algorithm converges to the same optimal solution.

However, the values « = 0.2, « = 0.3, and & = 0.8 reached this solution in only 21
iterations, and are therefore considered the most efficient in terms of computational cost
and convergence speed.

Table 5 compares the best solution obtained by AD-BWOA with previously reported
methods for the 94-bus system.
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Table 5. Comparison of methods for the 94-bus electrical distribution system.

Method Open Switches Active Losses (kW) Reduction (%)
AD-BWOA (proposed, « = 0.8)  [7,55,86,72,88,89,90,83,92,39,34,42,62 469.838 11.66
BPSO [2] [7,55,86,72,88,89,90,83,92,39,34,42,62 | 469.838 11.66
Tabu [20] [7,55,86,72,88,89,90,83,92,39,34,42,62 ] 469.838 11.66

Figure 8 shows that the proposed method initially exhibits higher power losses than
the classical WOA; however, it rapidly reduces the losses during the initial iterations and
converges to a solution of approximately 98.319 kW after 21 iterations. In comparison, the
classical WOA reaches a similar solution after 53 iterations, indicating that the proposed
method requires fewer iterations to converge. For « = 0.8, the proposed method achieves an
average simulation time of 297.16 s, while for & = 0.3, the corresponding average simulation
time is 299.73 s. For the two parameter settings that reached the reported solution in 21
iterations, the average simulation times were 297.16 s for « = 0.8 and 299.73 s for « = 0.3,
showing that identical iteration counts do not necessarily imply identical execution times.
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Figure 8. Comparison for the 94-bus electrical distribution system.

The algorithm achieved the global optimum in more than 11.66% of the runs, de-
spite the presence of multiple local optima. The most favorable configuration in terms of
computational cost—performance trade-off corresponds to Ny, = 100 and m = 80.

In the 94-bus system, the base case exhibited multiple voltage drop regions along the feeder,
with a minimum value of 0.9286 p.u., particularly in the initial buses and at the feeder end.

After optimization, the minimum voltage increases to approximately 0.953 p.u., elimi-
nating critical undervoltage conditions. The most significant improvements occur in the
initial buses (3-10), with increases close to 0.03 p.u., as well as in the final section (78-83).
Overall, the reconfiguration reduces voltage profile dispersion and improves global volt-
age regulation.
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6.3. Case Study 3: 135-Bus Distribution System

The 135-bus electrical distribution system, with an apparent power of 100 MVA, pro-
posed by Mantovani, Casari, and Romero [16], corresponds to a real distribution system
and is widely used in the literature for the evaluation and comparison of optimization
techniques applied to distribution networks. The nominal voltage of the system is 13.8 kV,
and its topology consists of twenty-one fundamental loops, which increases the complexity
of the reconfiguration problem.

The system comprises 156 branches equipped with 135 sectionalizing switches and
21 tie switches, enabling a wide range of operating configurations subject to the radiality
constraint. Figure 9 illustrates the network topology and its associated loops. Red dashed
lines labeled S136 to S156 denote the normally open tie switches, which preserve the
radial network configuration. Solid black lines represent energized branches, while thick
horizontal lines indicate the distribution buses, substation sources, and closed sectionalizing
switches (S1 to S135). Blue numbers identify the buses, numbered 1 to 223. The gray shaded
regions labeled M1 to M21 delineate the potential network loops, while gray circular arrows
indicate the traversal direction of each loop.
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Figure 9. The 135-bus electrical distribution system.

Table 6 presents the results obtained for the 135-bus distribution system based on
100 independent simulations, considering a constant value of K = 5 and different values
of the parameter «. The values of a are concentrated around 0.8, where more favorable
solutions are obtained.

https://doi.org/10.3390/electricity7040134


https://doi.org/10.3390/electricity7040134

Electricity 2026, 7, 134

22 of 28

Table 6. Results of the 135-Bus electrical distribution system for different values of « (100 simulations).

4

Average Time (s)

Mean Value (kW)

Std. Dev.

No. of Runs Reaching the

Best Solution

Worst Solution

Reported Best Solution Losses Switches Losses Switches
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.75 - 279.889 0.00 100 279.889 ,147,150,151,156,84,51,7 279.889 ,147,150,151,156,84,51,7
,138,139,53,118,96,141,106 ,138,139,53,118,96,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.76 1049.11 279.858 0.00 100 279.858 ,147,150,151,156,84,51,7 279.858 ,147,150,151,156,84,51,7
,138,139,53,118,96,141,106] ,138,139,53,118,96,141,106]
[137,90,148,126,155,145,144 [137,90,148,126,155,145,144
0.77 1008.82 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 279.858 ,147,150,151,135,146,51,7
,138,35,142,118,96,141,106] ,138,35,142,118,96,141,106]
[137,149,148,126,128,145,144 [137,149,148,126,128,145,144
0.78 - 281.664 0.00 100 281.664 ,147,150,151,156,84,51,7 281.664 ,147,150,151,156,84,51,7
,138,139,53,119,96,141,106] ,138,139,53,119,96,141,106]
[137,90,148,126,155,145,144 [137,90,148,126,155,145,144
0.79 1025.42 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 279.858 ,147,150,151,135,146,51,7
,138,35,142,118,96,141,106] ,138,35,142,118,96,141,106]
[137,90,148,126,155,145,144 [137,90,148,126,155,145,144
0.80 575.73 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 279.858 ,147,150,151,135,146,51,7
,138,35,142,118,96,141,106] ,138,35,142,118,96,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.81 - 279.889 0.00 100 279.889 ,147,150,151,156,84,51,7 279.889 ,147,150,151,156,84,51,7
,138,139,53,118,96,141,106 ] ,138,139,53,118,96,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.82 - 280.728 0.00 100 280.728 ,147,150,151,135,84,51,7 280.728 ,147,150,151,135,84,51,7
,138,38,54,119,96,141,106 ,138,38,54,119,96,141,106 |
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.83 - 280.748 0.00 100 280.748 ,147,150,151,135,84,51,7 280.748 ,147,150,151,135,84,51,7

,138,38,53,119,95,141,106 |

,138,38,53,119,95,141,106 |
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Table 6. Cont.

No. of Runs Reaching the

Best Solution

Worst Solution

« Average Time (s Mean Value (kW Std. Dev. ;
B ) (W) Reported Best Solution [ ggses Switches Losses Switches
[137,90,148,126,155,145,144 [137,90,148,126,155,145,144
0.84 1033.850 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 279.858 ,147,150,151,135,146,51,7
138,35,142,118,96,141,106] 138,35,142,118,96,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.85 - 279.889 0.00 100 279.889 ,147,150,151,156,84,51,7 279.889 ,147,150,151,156,84,51,7
,138,139,53,118,96,141,106] ,138,139,53,118,96,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144
0.86 - 280.265 0.00 100 280.265 ,147,150,151,135,84,51,7 280.265 ,147,150,151,135,84,51,7
,138,38,53,118,95,141,106] ,138,38,53,118,95,141,106]
[9,149,148,126,128,145,144 284 953 [9,149,148,126,128,145,144
0.87 - 284.253 0.00 100 284.253 ,147,150,151,135,84,140,7 ’ ,147,150,151,135,84,140,7
,138,139,54,143,96,141,106] ,138,139,54,143,96,141,106]
[137,90,148,126,128,145,144 280.042 [137,90,148,126,128,145,144
0.88 - 280.042 0.00 100 280.042 ,147,150,151,135,84,51,7 ,147,150,151,135,84,51,7
,138,38,54,118,96,141,106 ] ,138,38,54,118,96,141,106 ]
[137,90,148,126,155,145,144 280597 [137,90,148,126,155,145,144
0.89 - 280.597 0.00 100 280.597 ,147,150,151,156,146,51,7 ’ ,147,150,151,156,146,51,7
,138,38,53,119,96,141,106 | ,138,38,53,119,96,141,106 ]
[137,90,148,126,155,145,144 279 858 [137,90,148,126,155,145,14-4
0.90 1018.57 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 ’ ,147,150,151,135,146,51,7
,138,35,142,118,96,141,106] ,138,35,142,118,96,141,106]
[137,90,14.8,126,128,145,144 279 889 [137,90,148,126,128,145,144.
091 - 279.889 0.00 100 279.889 ,147,150,151,156,84,51,7 ’ ,147,150,151,156,84,51,7
,138,139,53,118,96,141,106] ,138,139,53,118,96,141,106]
[137,90,148,126,155,145,144 o\ o [137,90,148,126,155,145,144
0.92 - 280.029 0.00 100 280.029 ,147,150,151,135,146,51,7 ’ ,147,150,151,135,146,51,7

,138,35,55,118,95,141,106 |

,138,35,55,118,95,141,106 ]
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Table 6. Cont.

No. of Runs Reaching the

Best Solution

Worst Solution

« Average Time (s Mean Value (kW Std. Dev. ;
B ) (W) Reported Best Solution [ ggses Switches Losses Switches

[137,90,148,126,128,145,144 [137,90,148,126,128,145,144

0.93 - 280.748 0.00 100 280.748 ,147,150,151,135,84,51,7 280.748 ,147,150,151,135,84,51,7
,138,38,53,119,95,141,106] ,138,38,53,119,95,141,106]
[137,90,148,126,155,145,144 [137,90,148,126,155,145,144

0.94 - 280.380 0.00 100 280.380 ,147,150,151,135,146,51,7 280.380 ,147,150,151,135,146,51,7
,138,35,142,119,95,141,106] ,138,35,142,119,95,141,106]
[137,90,148,126,128,145,144 [137,90,148,126,128,145,144

0.95 - 280.748 0.00 100 280.748 ,147,150,151,135,84,51,7 280.748 ,147,150,151,135,84,51,7
,138,38,53,119,95,141,106] ,138,38,53,119,95,141,106]
[137,90,148,126,155,145,144 279 858 [137,90,148,126,155,145,144

0.96 1044.79 279.858 0.00 100 279.858 ,147,150,151,135,146,51,7 ’ ,147,150,151,135,146,51,7

,138,35,142,118,96,141,106 |

,138,35,142,118,96,141,106 ]
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The results show a zero standard deviation for all values of «, indicating a highly
consistent convergence behavior of the algorithm, as well as the absence of premature
convergence or entrapment in local optima.

The optimal switch configuration obtained was {5137, S90, S148, S126, S155, S145, S144,
5147, S150, S151, 5135, S146, S51, S7, S138, S35, S142, 5118, S96, S141, 5106}, achieving a
minimum active power loss of 279.858 kW. It is observed that, for all values of the parameter
«, the algorithm converges to a near-optimal solution. However, the value &« = 0.8 reaches
this solution in only 37 iterations and is therefore considered the most efficient in terms of
computational cost and convergence speed.

Table 7 summarizes the best solution obtained by AD-BWOA for the 135-bus system.
Because directly comparable published results under equivalent computational settings
were not available for all performance indicators considered here, no controlled superiority
claim is made for this case.

Table 7. Comparison of methods for the 135-bus electrical distribution system.

Method Open Switches Active Losses (kW)  Reduction (%)

[137,90,148,126,155,
145,144,147,150,151,
135,146,51,7,138,
35,142,118,96,141,106

AD-BWOA (proposed) 279.858 12.5

Figure 10 shows that the proposed method initially exhibits higher power losses than
the classical WOA; however, it achieves a rapid reduction in losses during the initial iterations
and converges to a solution of approximately 279.858 kW after 37 iterations. In comparison,
the classical WOA reaches a similar solution after 82 iterations, indicating a lower iteration
count of the proposed method. For « = 0.8, the reported solution was reached after
37 iterations with an average simulation time of 575.73 s. The legend indicates the number
of iterations required to reach convergence for each evaluated method.

Best solution - 135 buses
460 —

AD-BWOA/ a 0.80
WOA

440

380

Losses (kW)
w
D
3
I

340

320

300

X 37
Y 279.858

X 82
Y 279.963
280 f

260 L I I I I I
0 10 20 30 40 50 60 70 80 20 100

Iteration

Figure 10. Comparison for the 135-bus electrical distribution system.
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The optimization process is consistent and robust. The algorithm achieved the global
optimum in more than 12.5% of the runs, despite the presence of multiple local optima.
The most favorable configuration in terms of computational cost—performance trade-off
corresponds to Ny, = 100 and m = 120, as it provides results comparable to those obtained
with larger populations while requiring lower computational effort.

In the 135-bus system, although most of the network operated within acceptable limits,
a critical region was identified between buses 42 and 58, where the minimum voltage
reached 0.9313 p.u.

After reconfiguration, the minimum voltage increases to approximately 0.966 p.u.,
with improvements on the order of 0.03-0.035 p.u. in the most critical region. The final
voltage profile is more uniform and stable, eliminating the most severe voltage drops and
increasing the operational margin of the system.

7. Conclusions

This paper presented an Adaptive Dynamic Binary Whale Optimization Algorithm
(AD-BWOA) for solving the Distribution Network Reconfiguration (DNR) problem, with
the objective of minimizing active power losses while satisfying electrical and topological
operating constraints. The proposed method extends the conventional Whale Optimization
Algorithm (WOA) by combining a nonlinear adaptation of the convergence parameter
with an adaptive deterministic—stochastic position-update mechanism. These modifications
are designed to improve the balance between exploration and exploitation throughout the
search process, thereby enhancing convergence behavior and solution consistency.

The performance of the proposed algorithm was evaluated on 69-, 94-, and 135-bus
distribution systems through multiple independent runs. The results show that AD-BWOA
consistently obtains high-quality solutions comparable to the best or reference solutions
reported for the evaluated systems. In particular, the 69- and 94-bus cases exhibited high
repeatability under the tested conditions, with consistent switching configurations across
the independent runs. The algorithm also showed favorable convergence behavior, while
the stagnation-based stopping criterion reduced unnecessary iterations once no further
improvement in the best solution was observed. For the larger 135-bus system, AD-BWOA
remained capable of obtaining competitive solutions despite the increased search-space
complexity and number of switching alternatives.

From an operational perspective, the reconfigured network configurations resulted
in relevant reductions in active power losses and improvements in voltage profiles while
satisfying the established operating constraints. These results indicate that the solutions
obtained by AD-BWOA can contribute to improving the efficiency and operating condi-
tions of radial distribution systems, particularly by reducing losses and mitigating voltage
deviations in more critical portions of the network.

The proposed approach is currently limited to a single-objective DNR formulation
focused on active power loss minimization and does not explicitly consider other relevant
operational aspects, such as reliability indices, switching costs, distributed generation,
renewable-energy variability, or time-varying demand. Future work will therefore extend
AD-BWOA to multi-objective formulations incorporating these factors and investigate its
scalability in larger distribution systems. The stagnation-based stopping criterion may also
be adapted to multi-objective problems by considering the evolution of the Pareto front,
while uncertainties associated with distributed generation and demand can be addressed
through scenario-based or stochastic formulations. In addition, a controlled component-
wise ablation study will be conducted to quantify the marginal contributions of the coupled
adaptive a-p mechanism, the fundamental-loop-based search-space reduction, the binary
discretization procedure, and the stagnation-based stopping criterion using appropriately

https://doi.org/10.3390/electricity7040134


https://doi.org/10.3390/electricity7040134

Electricity 2026, 7, 134 27 of 28

redefined algorithmic variants. Further studies will also investigate the applicability of the
proposed method to real-time or near-real-time smart-grid operation.
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