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Abstract: This paper presents a new algorithm to solve the optimal reconfiguration problem in
distribution networks, using the algorithm called Improved Simulated Annealing combined with
Hybrid Cooling (ISA-HC) and Selective Space Search, which leverages the capabilities of the Open
Distribution System Simulator (OpenDSS) software and the selective space search concept to enhance
performance and reduce the search space. The ISA-HC algorithm determines an adequate starting
point for the temperature and initial solution according to the size of the system. For adequate
cooling, a three-stage cooling approach was employed to achieve effective cooling, combining two
methods widely used in the literature. Overall, the ISA-HC algorithm is a promising method for
solving the optimal reconfiguration problem in distribution networks. The algorithm was tested on
the systems of 5, 33, 69, and 94 buses and compared to other existing methods in the literature. The
results show that the proposed method is more robust and efficient, providing better convergence
and reliably achieving good quality global solutions.

Keywords: distribution network reconfiguration; improved simulated annealing; selective space;
hybrid cooling; optimization

1. Introduction

The Distribution System is a critical component that typically encompasses the final connections
between power generation and end-users. The distribution systems use a radial design, which
comprises a primary branch with subsidiary branches that extend throughout the system. This design
is popular due to its simple structure, cost-effectiveness, and strong protection mechanisms. To ensure a
continuous, efficient, reliable, and cost-effective electrical system, it is crucial to establish strategies and
conduct studies that specifically address reliability improvement and loss minimization [1,2]. These
aspects play a vital role in maintaining a stable and uninterrupted power supply while optimizing the
overall performance of the system.

Distribution networks are prone to experiencing significant power losses, resulting in financial
costs for companies that can only be mitigated rather than eliminated entirely. To minimize these
technical losses, various strategies are commonly employed in the field. These include reconduction,
voltage level increase, installation of capacitor banks, and network reconfiguration. Among these
strategies, network reconfiguration stands out as a cost-effective approach as it utilizes existing
network infrastructure, requiring minimal additional investment [3,4]. The traditional reconfiguration
study seeks to find an optimal topology that generates the lowest possible losses in the system under
study. The system topologies are generated by opening or closing the switches present in the system
distribution. The reconfiguration problem does not involve the installation of new equipment or new
power generation. The only costs of the reconfiguration are those associated with opening or closing
switches, which are negligible [5].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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The term “flexible and reconfigurable distribution network structure” has two interpretations.
During normal network operation, it refers to minimizing losses, balancing the network load,
and enhancing the network’s operational state. In the event of short circuits or power outages,
grid reconfiguration refers to identifying viable configurations to ensure the greatest possible number
of loads have access to electricity. The optimal solution for reconfiguration is one that results in the
lowest network loss [6].

When modifying the network’s topology, several outcomes can emerge, including (i) the feeder
load, (ii) energy losses, (iii) voltage levels, and (iv) reliability. The integration of distributed generation
(DG) sources, such as wind and photovoltaic, along with the introduction of electric cars, has been
reshaping the distribution network structure. The proliferation of these sources has a significant
impact on energy flow and voltage profiles, elevating the importance of network reconfigurations,
and necessitating more rapid adaptations to loads and DG, which have a dynamic behaviour over a
day [7-11].

The task of identifying the optimal solution is known as combinatorial optimization. It is a
challenging problem because there are numerous possible configurations in a distribution network,
and this number increases as the network size expands. As a result, testing every potential
configuration incurs a substantial computational cost. Considering that each switch can have two
states, the number of possible configurations is 2", where n is the total number of switches in the
system [12,13]. This way, deterministic approaches become practically unfeasible [14]. Therefore, there
is a need to use computational algorithms and tools that substantially reduce the number of solutions
to be tested and find a possible optimal or close-to-optimal solution with a substantially reduced and
affordable computational cost.

In specialized literature, various approaches are explored for distribution network reconfiguration.
We opt for intelligent algorithms due to their ability to handle the complexity of variable data. Unlike
static solvers, such as simulated annealing, genetic algorithms, particle swarm optimization (PSO),
and neural networks stand out for their adaptability and continuous learning, which are crucial for
addressing the complex and nonlinear nature of these problems.

In this section, it will undertake a thorough examination of simulated annealing. Our analysis will
concentrate on pinpointing specific deficiencies within the current applications of this metaheuristic
strategy, where there is a substantial potential for enhancement. This investigation will be directed
towards identifying and addressing these gaps, aiming to refine and elevate the efficacy of simulated
annealing in complex optimization scenarios.

In a study conducted in 2008 described in [15], the authors used the simulated annealing algorithm
to address the distribution network reconfiguration problem while incorporating load constraints
into the objective optimization function. Similarly, in [16], simulated annealing was employed to
improve network reliability by minimizing the cost associated with power supply interruptions to
customers while also considering the operational limitations of the system. However, both simulated
annealing methods had a high computational time consumption and no clear criterion was established
for determining the initial temperature that fits the size of the network.

In [17], the Simulated Immune Annealing (SAI) algorithm is used to address the distribution
network reconfiguration problem. This method utilizes shared switches between meshes to generate
potential solutions and also leverages historical and current data to optimize the search. The proposed
initial temperature adjustment, based on the relative behavior of the population, has been shown
to yield satisfactory results. However, its dependency on the number of individuals can increase
simulation time, which is an aspect that deserves optimization.

In a 2017 publication described in [18], the authors discussed the use of Simulated Annealing
along with the Ant Colony algorithm to optimize the distribution network reconfiguration problem.
They developed an algorithm called the Improved Hybrid Ant Colony Algorithm, which proved to be
efficient in identifying the optimal solution. However, the hybrid method used had high computational
consumption and only employed simulated annealing for the generation of individual pheromones.
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In 2018, a study [12] compared simulated annealing with tabu search for network reconfiguration
problems. Simulated annealing accepted suboptimal solutions to avoid local optima, while tabu
search avoided repeated solutions. In systems with 16 and 33 buses, simulated annealing showed
high computational efficiency but limitations in thoroughly reviewing solutions. Another study [19]
proposed enhancing simulated annealing through incremental and random sequential changes in the
network. Both studies noted that simulated annealing had high performance but lacked the ability to
thoroughly review solutions and lacked a clear definition for the initial temperature.

In 2021, the simulated annealing method was applied in a study referenced as [20] to optimize
the configuration of a distribution network over a full day. This study explored various optimization
variables and used simulated annealing to find the most efficient network configuration. Additionally,
during the same year, Nguyen et al. [21] proposed an enhancement to the cuckoo search method,
adapting it from a continuous to a binary approach and introducing a new search mechanism. This
evolution in methods facilitates obtaining higher-quality solutions in fewer iterations, highlighting the
importance of integrating continuous improvements to achieve optimal results.

In 2022, in their thesis [22], the use of the simulated annealing algorithm was proposed for
distribution systems using OpenDSS version 9.4.0.3 software. The study introduced the concept of
Bus Generation, generating neighbors from the route from each bus to the slack bus. Although this
improved the algorithm’s effectiveness, challenges were still encountered in terms of computational
time and optimizing the initial temperature value determination.

Finally, in 2023, an approach to the distribution network reconfiguration (DNR) problem was
presented in [23], which incorporates simultaneous switching of capacitors. The study combined the
simulated annealing algorithm with the minimum spanning tree algorithm, achieving satisfactory
performance while meeting technical, voltage, and capacity constraints. These improvements in
traditional methods are crucial for providing effective solutions during the optimization phases.

When facing the complex task of reconfiguring networks in distribution systems, metaheuristic
techniques are prominent solutions. Although simulated annealing is less frequently used, its
effectiveness in addressing various challenges within the electrical sector has been demonstrated [24—
28]. With appropriate improvements, this metaheuristic has the potential to offer even more efficient
results for solving network reconfiguration problems. In this article, we refine the classic simulated
annealing algorithm (SA), focusing on critical aspects such as computation time, selecting an initial
temperature adapted to the network size without increasing simulation time, and a cooling model
that facilitates a more effective search for solutions. We also address identified deficiencies and make
improvements based on previous literature reviews. Furthermore, we have worked on strengthening its
competitiveness against other widely used methods. We introduce the Improved Simulated Annealing
with Hybrid Cooling (ISA-HC) algorithm, an innovative approach rigorously evaluated on four widely
recognized distribution systems in the literature. The main contributions of this article are succinctly
summarized in the following points:

(@) Selective Space Mesh Utilization: The introduction of a selective space mesh for generating
neighbors focuses on key configurations of the problem, effectively reducing the search space.
This strategy optimizes exploration by restricting it to specific neighborhoods with high potential
for improvement.

(b) Improved Initial Temperature Equation: Improving the initial temperature Ty equation involves
considering the average losses of “n” initial solutions, which effectively tailors the algorithm to
the network size. This approach allows fine-tuning of the temperature initialization process by
leveraging collective insights gained from multiple initial solutions.

(¢) Incorporation of Hybrid Cooling and Stopping Criteria: Incorporating stopping criteria and
hybrid cooling methods improves solution acceptance and reduces iteration requirements. This
dynamic combination of cooling strategies not only optimizes exploration of the search space but
also enhances the algorithm’s effectiveness in finding high-quality solutions more efficiently.
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(d) Introduction of Cooling Rate Criteria: The proposal suggests advancing to the next temperature
after accepting a specific number of neighbors, which enhances algorithm convergence and
significantly reduces necessary computation time. This approach enables focusing computational

efforts on promising regions within the search space.
(e) Computational Efficiency and Reliable Solution Attainment: The study confirms that the ISA-HC

algorithm not only demonstrates computational efficiency but also consistently ensures the
attainment of high-quality global solutions.

Overall, this work presents significant advancements in the algorithm’s efficiency,
convergence, and solution quality, making it a valuable contribution to the field of distribution
network reconfiguration.

This paper is structured as follows: Section 2 introduces the mathematical formulation of
the reconfiguration problem. Section 3 explores the classical Simulated Annealing (SA) algorithm.
The proposed method, Improved Simulated Annealing with Hill Climbing (ISA-HC), is detailed in
Section 4, followed by its application to the reconfiguration problem in Section 5. Section 6 discusses
the results obtained from the proposed method. Finally, Section 7 concludes the paper, summarizing
key findings and implications.

2. Distribution Network Reconfiguration (DNR)

The reconfiguration of distribution networks is a multi-objective and non-linear optimization
problem, with several objectives such as minimizing losses, improving reliability parameters, balancing
transformer and feeder loads, maximizing feeder loads, and improving voltage profiles. To determine
the switch states, the existing resources in the system are utilized [3].

In addition to minimizing losses, the reconfiguration problem also takes into account radiality
constraints, voltage limits, branch current capacity, and the requirement to connect all loads in
the system.

The fitness function, also known as the objective function, is defined by Equation (1):

N;
minf(x) = Y 7 x i 1)
i=1

Here, N is the number of lines in the distribution network, r; is the resistance of line [, i; is the
current flowing through line /, and f(x) represents the sum of all active losses in the lines. The system
solution x corresponds to the configuration of switches.

The loss evaluation is obtained through the OpenDSS software, which uses a method that is
detailed in [29-31].

2.1. Constraints

2.1.1. Voltage Constraints

The voltage level of the system buses must be within a certain range, which is specified by the
following Equation (2):
Epin < |Ek| < Emax 2)

Here, E,;i;, and Ej4y are the minimum and maximum permissible values for the bus k, respectively.

2.1.2. Current Constraints

The current limits of the lines, determined by their technical characteristics, must also be taken
into account. The current i; flowing through line / cannot exceed its maximum allowable capacity 7}"**,
as shown in Equation (3).

—i < gy < i 3
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2.1.3. Radiality Constraints

The distribution network must maintain a radial topology, meaning that there should be only
one path from any bus to its substation. This condition can be achieved with the help of the switches’
opening and closing states. The radial structure ensures that there are no loops in the network, and all
loads are connected and energized by the substation fulfilling the Equations (4) and (5). The conditions
for radiality are based on [32,33].

*  The number of meshes in the system when all switches are closed can be determined using the
following formula:
Nineshes = (Niines — Npuses) + 1 4)

Here, N,.sp05 is the number of meshes, Ny, is the total number of active lines, and Nj,,,s is the
total number of buses in the system.
*  The total number of lines in the system can be obtained by subtracting the number of sources
from the total number of buses:
Niines = Npuses — Nf 5)

Here, Njjyes is the number of active lines, Ny, is the total number of buses, and N is the number

of sources.
¢  The entire system must be connected and energized, meaning that all loads are supplied by a

substation or sources.

3. Classical Simulated Annealing Algorithm

The Simulated Annealing (SA) proposed by Kirkpatrick in 1983 , one of the many algorithms
that emerged in natural computation, a science that uses natural systems as inspiration to solve
computational problems. For the SA, the inspiration comes from the physical-chemical area, where
they seek to imitate the annealing of materials such as metals or glass [34].

In [35] they mention that SA is inspired by the annealing process in metallurgy. In this natural
process, a material is slowly heated and cooled under controlled conditions to increase the size of the
crystals and reduce their defects. Improving the resistance and durability of the material.

3.1. Simulated Annealing Strategy

From [34], it is mentioned that SA bases its strategy on three characteristics:

1. Use of a starting solution;
2. Random generation of new solutions based on the current solution;
3. Progressively elitist criterion to change the random solution for the current one.

3.2. Mathematical Representation and Parameters

The simulated annealing algorithm is characterized by its ability to escape from the local optimum,
based on the acceptance rule of a candidate solution. If the objective function value of the new solution
(fnew) is smaller (assuming minimization) than the previous solution (f,;4), then the new solution
is accepted. Otherwise, the new solution can also be accepted if the value given by the Boltzmann
distribution (6) is greater than a uniform random number between 0 and 1. Here, T is the control
parameter known as “temperature” [36]. The objective function and parameters used in the algorithm

are: et
new —fold
e ( T ) (6)
The Simulated Annealing method involves several key components:

1. Objective function: This function defines the property that needs to be minimized or maximized
depending on the application.
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2. Initial population: The iterative technique requires an initial guess for the parameter values.

3. Initial temperature: The control parameter ‘temperature’ is carefully defined, since it controls
the rule defined in (6). Initial temperature: The ‘temperature’ control parameter is critical as
it governs the acceptance rule in Equation (6). The value of T should be high enough to allow
escape from local minima but not too high to stray from a global minimum. An example of the
initial temperature definition is shown in Equation (7) used in [22]:

_ —Losses(kW)

To= 00 7)

4. Perturbation mechanism: This method creates new solutions from the current solution.

5. Cooling: The geometric rule is commonly used to reduce the temperature.

6. Termination criteria: Various methods exist to control the completion of Simulated Annealing as
mentioned in [36].

4. Proposed Method

The proposed method utilizes the OpenDSS software as a solution engine for processing power
flow data, as well as data related to voltages, energies, currents, losses, and other related factors.

4.1. Initial Solution and Initial Temperature

The initial temperature, Ty, plays a pivotal role in the Simulated Annealing (SA) process. Setting
Tp too high leads to a search that is essentially random, while a temperature set too low restricts
the search to a local vicinity, thereby limiting exploration and reducing the chances of identifying
high-quality solutions. To address this, we propose an adaptive equation for T that scales according
to the size of the network, ensuring efficient exploration without unduly extending the simulation
time. This method balances the breadth and depth of the search space exploration, optimizing the
algorithm’s performance across various network configurations.

The initial temperature is determined using the variable parameter “C” and the number of initial
solutions. This approach enhances the Equation (7) proposed by [22].

T — —Loss Average(kW)
o In(C)

(®)
The variable “LossAverage” represents the average losses of “n” initial solutions (IniSol), while

“C” is a constant that takes on values within the range of [0,1].

Yt IniSol;
n

Loss Average = )

Equations (8) and (9) allow us to obtain a suitable temperature based on the size of the system.

The initial solution, which has the minimum losses among the “n” initial solutions, is determined
using Equation (10).

SOL;,; = Min (IniSoly, IniSoly, . .., IniSol,) (10)

Here, SOL;,; refers to the solution that will be utilized as the initial configuration, and its losses

will serve as the starting losses for the algorithm. IniSoly, IniSoly, ..., IniSol, represent the “n” initial
solutions generated.

4.2. Selective Space Mesh (SSM)

In the Selective Space Mesh (SSM) approach, each line in the system is equipped with a single
switch that can be operated. Therefore, the number of operable switches (nc) is equal to the number
of lines (nl). For instance, in a system comprising 5 buses and 7 lines, there can be 27 = 128
possible configurations.
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Equation (4) enables us to obtain 3 meshes. As per the approach proposed by [3]
and [2], each switch belongs to only one mesh. For instance, in the case of a 5-bus system,
mesh 1 comprises lines [1, 2, 3], mesh 2 consists of lines [4, 5], and mesh 3 includes lines
(refer to Figure 1). Therefore, the number of possible configurations can be obtained by multiplying
the number of switches in each mesh. For this system, there are 3 x 2 x 2 =12 possible configurations,
which is a relatively small number.

sl

Bus
— Sectionalizing switch
@ Ml s3 M2 = = Tie switch

Figure 1. 5-Bus System.
4.3. Cooling Mechanisms

Several cooling mechanisms are used in the literature. In this article, we have employed the
geometric cooling model, where the temperature reduction is defined by Ty, 1 = a x T}, with «
varying between 0.8 and 0.99. For example, a value of « = 0.9 results in faster cooling than « = 0.95.
Additionally, we consider the model proposed by Lundy and Mees [37], which controls the number of
iterations until reaching the final temperature. The geometric scheme promotes greater diversification
in the search at higher temperatures, while the Lundy-Mees method is more suitable for lower
temperatures. This contrast is illustrated in Figure 2, adapted from [37].

Tk

— Tx=aTk—

B
Ti= T+B T

Geometric

Luildy & Mees

iteration

Figure 2. Geometric and Lundy & Mees.

The hybrid cooling mechanism proposed in this article is called GDLM (Geometric Double Lundy
and Mees). As illustrated in Figure 3, GDLM employs a fast geometric (¢« = 0.9) cooling mechanism
followed by a slower one (x = 0.95), and finally, the Lundy and Mees scheme is applied to achieve a
reheat and cool to the final temperature. The conditions that define this mechanism are presented in
Equation (11):
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Ty 250+
Tk=TIm xTo
Tk=0.75x To

4
/

= Geometric
| a=0.90

Cooling
g

Temperature
Geometric
a,=0.95

Iteration
Figure 3. GDLM mechanism.
The model accelerates initial cooling using « = 0.90 during the first 30% of the total temperature
range. Then, between 30% and 80%, we increase « to 0.95 for a more gradual cooling. Finally, in the

last 20% of the temperature range, we apply the Lundy & Mees method to adjust the final temperature
through a controlled process of heating and cooling.

0.9 x Ty, if To<T,<03xdT

Toy=1{ 095x T, if 03xdT<T<08xdT (1)
T .
AT =Ty — T (12)

Equations for Lundy & Mees:

Tk = Tlm X TO (13)
To—T
p=— T~ (14)
(M X TO X T_f)
M =K, x k (15)

where:

Tin represents the reheat factor, which is the temperature at which the Lundy and Mees cooling
mechanism begins. M denotes the total number of iterations, k is the current iteration number, and Kj,,
is the multiplier of the number of iterations. In this study, we have used Kj,, = 3, which is three times
the number of iterations used for geometric cooling.

If we take Ty, = 0.75, this means that the initial temperature for the Lundy and Mees method will
be 75% of the initial temperature (Tp). Additionally, M represents the total number of iterations we
desire from T to Ty . The calculation of M depends on Kj;, and the iteration k we are in. For example,
if the geometric cooling ends at iteration k = 150, and we choose Kj,, = 3, we are indicating a total of 450
iterations, of which 150 are for geometric cooling and 300 correspond to the Lundy and Mees method.

4.4. Cooling Rate

The cooling rate is represented by L(T), which is the duration that the algorithm spends at a
specific temperature. This duration can either be fixed or can be determined based on an equilibrium
condition. In this study, we adopt a different approach, which involves cooling the system when the
maximum number of neighbors has been generated (NNm) or when a maximum number of neighbors
has been accepted (successes). It should be noted that NNm must be greater than successes, and the
following condition (16) is applied to ensure this:
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successes = round (¢ x NNm) (16)

where: ¢ is a constant that takes values between 0 and 0.6, indicating the proportion of the maximum
number of neighbors that are accepted as successful solutions. A good choice for this constant is
¢ = 0.1

If we have a maximum number of neighbors (NNm) equal to 25 and ¢ = 0.1, the transition to the
next temperature will occur when either 25 neighbors have been generated or when the neighbors
accepted according to the acceptance criterion are round (0.1 x 25) = 3.

4.5. Acceptance Criterion

In each iteration at temperature Tj, several neighbors are generated, and each one is evaluated
using a dual acceptance criterion: if it improves the current solution, it is automatically updated;
otherwise, a probability is calculated using the Boltzmann equation. We generate a random number
between 0 and 1, and if it is less than the calculated value, the neighboring solution replaces the current
solution. This strategy allows the Simulated Annealing algorithm to avoid local optima and effectively
explore alternative solutions. The algorithm uses the acceptance function defined by Equation (18).

5 =FO(s) — FO(s) 17)
. s,, . if 6<0 . (18)
s, if U(0,1)<eT

where: sl, neighbor solution, s is the current solution, U (0, 1) is a random number between [0,1] and
FO is the Objective Function.

4.6. Stopping Criteria

In principle, the temperature that represents the coldest possible state is zero
(T = 0). However, before reaching this value, the probability of accepting a worse solution,
as determined by the expression e((=9)/T), becomes negligible.

Two criteria are proposed. The first criterion is met when the temperature is less than or equal to
the final temperature, set at 0.01 for this study. The second criterion is achieved when, after a defined
number of iterations (nFO), the temperature state repeatedly converges to the best solution found up
to that moment (19).

Ty < Ty, Ty — current temperature

19
nFO =1, FO Repeats (19)

The chosen combination of stop criteria and cooling conditions ensures a balance in the search
process, preventing unnecessary resource consumption.

4.7. Neighbor Generator

The neighbor generator is a crucial component of the simulated annealing algorithm, as it
is responsible for generating candidate solutions for the optimization problem. In this study,
the dimension of the system is determined using the SSM. Then, uniform random neighbors 7y
are generated that take values in the range of [0, w], where w is the number of SSM. This neighbor
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generation process allows for the exploration of the solution space in a systematic and controlled way.
A mesh is taken according (20):

v <1, — M1

1<y<2  — M2
) . (20)

w—1<y<w, — Mw

From the chosen “Mw” mesh, the position “A” of the switch that must open is given by (21),
the first position being the value of 0:

A = Ui (—dn+1,dn — 1) (21)

where: dn number of mesh switches, U;,;; uniform random integer.

Considering the 5-bus system with 3 defined meshes: M1 = [1,2,3], M2 = [4,5] and
M3 = [6,7]. To generate the first neighbor, a random number 7 is chosen in the range from 0 to
2 (since there are 3 possible meshes). If 7y turns out to be 2.6 (within the range 2 to 3), mesh M3 is
selected. To determine which switch in this mesh to open, another random integer A is generated in
the range from —1 to 1, given that the mesh has two switches. If A is 0, the first switch s6 is opened.
If A is —1, the absolute value (1) indicates opening the second switch, s7. This process is repeated to
generate the other neighbors.

vy =rand(0,2)
Mesh1| s1 | s2 | s3 1=262<y<QQ)
We choose M3

Mesh 2
e 4 | %= rand(-1,1)

1 =0)

Open s6

Mesh 3 s6 s7
Position A (0) 1 2

Figlf@@i Neighbor Generator Steps.
5. Application of the ISA-HC in DNR
The ISA-HC algorithm follows the following steps:

1.  Declare input data, network configuration, constants, and parameters.

Define search spaces dimensions.

3. Run power flow using OpenDSS for each initial solution, calculate the initial temperature (To)
using Equations (8) and (9) and the initial solution using Equation (10).

4.  If the temperature is greater than the Tf and the number of repetitions of the best solution found
is less than the maximum number of repetitions, continue with step 5, otherwise go to step 12.

5. If the number of successes is less than Equation (16) and the generated neighbors are less than the
maximum number allowed, go to step 6, otherwise go to step 10.

6. Generate a random nearest neighbor using the method described in the proposed methodology,
calculate the fitness function for the generated neighbor by running a load flow analysis

N

using OpenDSS.

7. If the candidate solution complies with the constraint Equations (2)—(5) and is accepted according
to Equation (18), it becomes the current solution, otherwise it is rejected.

8.  If the candidate solution improves the losses, it is updated as the best solution and the repetition
count is restarted.

9.  The neighbor counter increases by one and return to step 5.
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10.  If the candidate solution matches the best solution, the number of repetitions increases by one.
Go to step 11

11.  Apply hybrid temperature cooling using Equation (11) and proceed to step 4.

12.  Displays the results.

The complete flowchart of the algorithm is shown in Figure 5.

Definir: C, n, T'f
NNm, n, a1 (l)
ag, Klm,, Tlm

Set the search space (2)
Dimensions (dn)

Power flow using OpenDSS

Value of To ( 3)
Initial solution (S_act) END
nFO=0
lT =To ( 4)
T, nFO no Show best
Tf<T and nFO <n (12)
— solution S_best

lyes

l successes=0, neighbors=0 ‘

L (5)
—»<successes < round(0.1 x NNm) and neighbors < NNm lno
neighbors, successes yes
Generate neighbor (S_cand) yes
= ?
(6) Power flow using OpenDSS S-act = S-best? (10)

no

successes+=1
S_act = S_cand

L——| Hybrid Cooling T (11)
m0 [ gbor =1 ] (9)

(8)

yes

S_best = S_cand
nFO=0

Figure 5. Flow chart of the proposed method.

6. Simulation and Results

The DNR problems for the distribution systems of 5, 33, 69, and 94 buses, which are widely used
in the technical literature, were solved using the ISA-HC method. An Intel(R) Core(TM) i5-7200U CPU
@ 2.50 GHz 2.70 GHz laptop was used. The required parameters for these systems were C, number of
initial solutions, NNm, and 77. The other parameters were kept constant, with values of a1 = 0.9, ap =
0.95, Ky =3, Tjyy = 0.95, and Ty = 0.01.

6.1. Case Study 1

In this case study, we will examine the didactic 5-Bus system with 7-Line that was extracted
from [38]. The system comprises a substation located at Bus 1, 4 sectionalizing switches (s1, s3, s5,
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and s7), and 3 tie switches (s2, s4, and s6). Figure 1 depicts the generated meshes. The Table 1 shows
the results for different values of the parameters n, NNm and 7. Keeping the parameter C constant.

Table 1. Results for 5 Buses—100 simulations with C constant.

Parameter Results

Average Standard Worst Solution Best Solution Nro Average Average

C n NNm # Value Deviation Losses Solution Losses Solution Recu. Time Iteration
(kW) (kW) (kW) (s)

01 2 5 20 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.51 38
01 2 5 15  36.422 1.737 53703 [1,5,7] 36.248 [3,4,7] 99 0.27 35
01 2 5 25 36248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.39 46
01 2 10 20 36.248 0.000 36248 [3,4,7] 36.248 [3,4,7] 100 0.58 40
01 2 15 20 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.95 45
01 3 5 20 36248 0.000 36.248 [3,4,7] 36248 [3,4,7] 100 0.36 40
0.1 4 5 20 36.256 0.080 37.053 [1,4,7] 36.248 [3,4,7] 99 0.35 68

The following parameters were set for the system: maximum number of neighbors generated
NNm =5, the simulation will end before reaching Ty when 7 = 20 iterations of the best current FO is
achieved, C = 0.1 to 0.9, since it is a small system, only 2 initial solutions are considered.

Based on Table 2, it can be observed that only 2 initial solutions with a value of C = 0.1 are
sufficient. The literature reports as the best solution found [3, 4, 7] for this system, which was also
used for testing the algorithm. In the Figure 6 a comparison is made with SA methods, where there
is a better beginning of To, therefore with losses very close to the final solution. The legend displays
the number of iterations required to achieve convergence for each method. It is possible to reach the
solution with the same number of iterations as Andrade who uses a fast cooling value of 0.7. ISA-HC
on average takes 0.51 s, Amorim 3.1 s, Andrade (C = 0.1) 0.85 s and for (C = 0.8) 0.96 s.

Table 2. Results for 5 Buses, n=2 —100 simulations.

Parameter Results

Average Standard Worst Solution Best Solution Nro Average Average
C n Value Deviation Losses Solution Losses Solution Recu. Time Iteration

(kW) (kW) (kW) (s)

0.1 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.51 38
0.2 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.53 52
0.3 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.51 73
04 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.35 42
0.5 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.37 60
0.6 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.36 40
0.7 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.35 46
0.8 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.37 52
0.9 2 36.248 0.000 36.248 [3,4,7] 36.248 [3,4,7] 100 0.36 53
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Table 3 provides a comparison of the proposed method with other existing methods found in
the literature, showcasing the favorable results obtained by the proposed approach. The table likely

presents various performance metrics or evaluation criteria used to assess the effectiveness of different
methods in solving a particular problem.

Table 3. Comparison of methods for 5 buses—100 simulations.

Global Standard .
Method Solution Deviation Solution
Open Switches  Losses (kW)

ISA-HC (C =0.1) 100 0 Best 3-4-7 36.248
J. Amorim-SA (2022) [22] 100 0 Best 3-4-7 36.248
R.Pegado-PSO (2019) [1] 100 0 Best 3-4-7 36.248
C.Gerez (2019) [39] 100 0 Best 3-4-7 36.248
Andrade (2018) [12] 100 0 Best 3-4-7 36.248

6.2. Case Study 2

The 33-Bus 10 MVA system, proposed by Baran and Wu [3,40], is a 5-dimensional distribution
system operating at 12.66 kV, with 37 branches, 32 sectionalizing switches, and 5 tie switches.
The generated meshes for this system are illustrated in Figure 7. The Table 4 shows the results
for different values of the parameters n, NNm and 7. Keeping the parameter C constant.
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Figure 7. Meshes of the 33 bus system.
Table 4. Results for 33-Bus system—100 simulations with C constant.
Parameter Results
Average Standard Worst Solution Best Solution Nro Average Average
C n NNm 7y Value Deviation Losses  Solution  Losses  Solution  Recu. Time Iteration
(kW) (kW) (kW) (s)
012 20 20 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 4.25 55
012 20 15 139.56 0.04 139.95 [7,9,28,14,32] 139.55 [7,9,37,14,32] 99 3.38 61
012 20 25 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 4.53 58
012 15 20 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.57 53
012 25 20 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 4.27 66
013 20 20 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.96 61
014 20 20 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.90 54

The following parameters were employed in the ISA-HC method: the maximum number of
neighbors generated NNm = 20, the simulation will end before reaching Ty when 7 = 20 iterations of
the best current FO is achieved, C = 0.1 to 0.9, since it is a small system, 2 initial solutions are considered.

Table 5 demonstrates that for the 33-bus system, the proposed method achieved favorable results
using only 2 initial solutions and a value of C = 0.1. The literature reports that the best solution found
for this system is [7, 9, 37, 14, 32]. The proposed method, according to the information provided, also
reached the same solution. This indicates that the proposed method is effective in finding the best
solution for the 33-bus system, matching or even surpassing the results reported in the literature. It
showecases the competitiveness and capability of the proposed method in solving complex optimization
problems in the context of the 33-bus system.
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Table 5. Results for 33-Bus system, n = 2—100 simulations.

Parameter Results

Average Standard Worst Solution Best Solution Nro Average Average
C n Value Deviation Losses Solution Losses Solution Recu. Time Iteration

(kW) (kW) (kW) (s)

0.1 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 4.25 55
02 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 4.46 60
03 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 412 51
04 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.92 54
05 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.91 54
06 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.78 57
07 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.79 61
08 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.94 57
09 2 139.55 0.00 139.55 [7,9,37,14,32] 139.55 [7,9,37,14,32] 100 3.82 55

Table 6 presents a comparison of the proposed method with other methods documented in the
literature, highlighting the positive outcomes achieved by the proposed approach. The table includes
evaluation criteria used to assess the effectiveness of various methods in solving the specific problem
related to the 33-bus system. The Figure 8 shows that the proposed method starts with a better initial
solution than the other methods and with a smaller number of iterations (55). The legend displays the
number of iterations required to achieve convergence for each method. ISA-HC on average takes 4.25
s, Amorim 19.87 s, Andrade (C = 0.1) 12.9 s and for (C = 0.8) 23.35 s.

325 T T T T T
—— ISA-HC C=0.1 - 55 iter.
300 - —— Amorim C=0.8 - 111 iter. ||
——— Andrade C=0.1 - 74 iter.
275 | Andrade C=0.8 - 88 iter. | |
= 250 - n
2
g 225
2
175 |-
150 [~ 1 A n
125 L ! ! ! ! ! ! ! ! ! !

0 10 20 30 40 50 60 70 80 90 100 113

Iteration

Figure 8. Comparison of SA methods for 33 buses.
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Table 6. Comparison of methods for 33 buses—100 simulations.

Global Standard .
Method Solution  Deviation Solution

Open Switches  Losses (kW)

ISA-HC (C =0.1) 100 0 Best 7-9-14-32-37 139.55
Worst  7-9-14-32-37 139.55
J.Amorim-SA (2022) [22] 100 0 Best 7-9-14-32-37 139.55
Worst ~ 7-9-14-32-37 139.55
IS-BPSO (2019) [3] 100 0 Best 7-9-14-32-37 139.55
Worst ~ 7-9-14-32-37 139.55
Andrade; Ferreira (2018) [12] 100 0 Best 7-9-14-32-37 139.55
Worst  7-9-14-32-37 139.55
N.H.A. Rahman (2017) [41] 30 1.676 Best 7-9-14-32-37 139.55
Worst ~ 7-9-13-32-37 143.09
J.Dong (2017) [42] 20 1.605 Best 7-9-14-32-37 139.55
Worst ~ 7-9-13-32-37 143.09

6.3. Case Study 3

The 69-Bus system with 10 MVA, originally presented in [43], with data taken from Savier and
Das [44], is a five-dimensional system that consists of 73 branches, 68 sectionalizing switches, and 5 tie
switches, all fed by a 12.66 kV substation. Figure 9 illustrates the generated meshes for this system. The
Table 7 shows the results for different values of the parameters n, NNm and #. Keeping the parameter

C constant.
Figure 9. Meshes of the 69-Bus system.
Table 7. Results for 69-Bus system—100 simulations with C constant.
Param. Results
Average Standard Worst Solution Best Solution Nro Average Average
C n NNm 5 Value Deviation Losses Solution Losses Solution Recu. Time Iteration
(kW) (kW) (kW) (s)

014 25 20 98.398 0.00 98.398 [69, 14, 70, 55, 61] 98.398 [69, 14,70, 55,61] 100 13.74 75

014 25 15 98.398 0.00 98.398 [69, 14, 70, 55, 61] 98.398 [69, 14,70, 55,61] 100 13.84 103

014 25 25 98.398 0.00 98.398 [69, 14, 70, 55, 61] 98.398 [69, 14,70, 55,61] 100  15.61 99

014 20 20 98.398 0.00 98.398 [69, 14, 70, 55, 61] 98.398 [69, 14,70, 55,61] 100  12.92 94

014 30 20 98.398 0.00 98.398 [69, 14,70, 55, 61] 98.398 [69, 14, 70, 55,61] 100 17.88 93

012 25 20 98.398 0.00 98.398 [69, 14, 70, 55, 61] 98.398 [69, 14,70, 55,61] 100  13.90 94
]

016 25 20 98.398 0.00  98.398 [69, 14,70, 55, 61] 98.398 [69, 14,70, 55,61] 100 12.84 111
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The following parameters were used: the maximum number of neighbors generated NNm = 25,
the simulation will end before reaching Ty when 7 = 20 iterations of the best current FO is achieved, C
=0.1to 0.9, since it is a medium system, 4 initial solutions are considered.

Based on the information provided, Table 8 indicates that for the 69-bus system, the proposed
method yielded promising results using only 4 initial solutions and setting C = 0.1. Comparing with
the literature, it is reported that the best solution found for this system is [69, 14, 70, 55, 61]. Notably,
the proposed method also achieved the same solution, demonstrating its effectiveness in obtaining the
optimal solution for the 69-bus system.

Table 8. Results for 69-Bus system, n = 4—100 simulations.

Param. Results

Average Standard Worst Solution Best Solution Nro Average Average
C n Value Deviation Losses Solution Losses Solution Recu. Time Iteration

(kW) (kW) (kW) (s)

0.1 4 98.398 0.00 98.398 [69, 14,70,55,61] 98.398 [69,14,70,55,61] 100 13.74 75
02 4 98.398 0.00 98.398 [69, 14,70, 55, 61] 98.398 [69, 14,70,55,61] 100 16.38 94
03 4 98.398 0.00 98.398 [69, 14,70, 55, 61] 98.398 [69,14,70,55,61] 100 13.33 116
04 4 98.398 0.00 98.398 [69,14,70,55,61] 98.398 [69,14,70,55,61] 100 12.61 116
05 4 98.398 0.00 98.398 [69, 14,70, 55, 61] 98.398 [69, 14,70,55,61] 100 13.47 116
06 4 98.398 0.00 98.398 [69, 14, 70,55, 61] 98.398 [69,14,70,55,61] 100 13.97 110
0.7 4 98.398 0.00 98.398 [69,14,70,55,61] 98.398 [69,14,70,55,61] 100 13.73 110
0.8 4 98.398 0.00 98.398 [69, 14,70, 55, 61] 98.398 [69, 14,70,55,61] 100 14.31 95
09 4 98.398 0.00 98.398 [69, 14,70, 55,61] 98.398 [69,14,70,55,61] 100 14.85 83

Table 9 presents a comparative analysis of the proposed method with other methods documented
in the literature, indicating the favorable results obtained by the proposed approach. The Figure 10
shows that the proposed method starts with a better initial solution than the other methods and with a
smaller number of iterations (75). The legend displays the number of iterations required to achieve
convergence for each method. ISA-HC on average takes 13.74 s, Amorim 33.24 s, Andrade (C = 0.1)
26.95 s and for (C = 0.8) 25.9 s.

550 T T T T T T

—— ISA-HC C=0.1-75 iter.
—— Amorim C=0.8 - 115 iter.
450 Andrade C=0.1 - 77 iter.

—— Andrade C=0.8 - 90 iter.

Losses (kW)
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Figure 10. Comparison of SA methods for 69 buses.
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Table 9. Comparison of methods for 69 buses—100 simulations.

Global Standard .
Method Solution  Deviation Solution

Open Switches  Losses (kW)

ISA-HC (C =0.1) 100 0 Best 55-69-14-70-61 98.398
Worst  55-69-14-70-61 98.398
J.Amorim-SA (2022) [22] 100 0 Best 55-69-14-70-61 98.398
Worst  55-69-14-70-61 98.398
L.Pinheiro-Tabu (2022) [2] 100 0 Best 55-69-14-70-61 98.398
Worst  55-69-14-70-61 98.398
Andrade; Ferreira (2018) [12] 100 0 Best 55-69-14-70-61 98.398

Worst  55-69-14-70-61 98.398

6.4. Case Study 4

The 94-bus system with 100 MVA of Su and Lee [45] is a real distribution system belonging to
Taiwan Power Company (TPC). The system consists of eleven feeders, composed of 96 branches,
83 sectionalizing switches, and 13 tie switches, all fed by an 11.4 kV substation. The system has a
dimension of 13. Figure 11 displays the generated meshes. The Table 10 shows the results for different
values of the parameters n, NNm and #. Keeping the parameter C constant.

—— Sectionalizing switch
Tie switch

Figure 11. Meshes of the 94-bus system.
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Table 10. Results for 94-Bus system—100 simulations with C constant.
Param. Results
Aver. Stand. Configuration Losses  Nro Average Average
C n NNm 7 Value Dev. Worst Worst (kW) Recu. Time Iteration
(kW) best. Best. (kW) (s)

016 35 3047067 0 [55,7,86,72,13,89,90,83,92,639,634,42,62] 470.67 100  20.26 80
[55,7,86,72,13,89,90, 83,92, 39, 34,42, 62]  470.67

016 35 2547067 0 [55,7,86,72,13,89,90,83,92,39,34,42,62] 470.67 100 1540 89
[55,7,86,72,13, 89,90, 83,92,39, 34,42, 62]  470.67

016 35 3547067 0 [55,7,86,72,13,89,90,83,92, 39,34,42,62] 470.67 100  18.68 101
[55,7,86,72,13, 89,90, 83,92,39, 34,42, 62]  470.67

016 30 3047067 0.05 [55,7,86,72,13,89,90,82,92, 39,6 34,42,62] 47120 99 14.46 88
[55,7,86,72,13,89,90, 83,92, 39, 34,42, 62]  470.67

016 40 3047067 0 [55,7,86,72,13,89,90,83,92, 39,34,42,62] 470.67 100 17.16 76
[55,7,86,72,13,89,90, 83,92, 39, 34,42, 62]  470.67

014 35 3047067 0 [55,7,86,72,13,89,90,83,92, 39,34,42,62] 470.67 100 17.19 87
[55,7,86,72,13, 89,90, 83,92,39, 34,42, 62]  470.67

018 35 3047098 3.06 [54,6,86,72,13,89,90,83,92,39,34,42,61] 501.40 98 17.14 97
[55,7,86,72,13,89,90, 83,92, 39, 34,42, 62]  470.67

For this system, the parameters were set as follows: the maximum number of neighbors generated
NNm = 35, the simulation will end before reaching T when 7 = 30 iterations of the best current FO is
achieved, C = 0.1 to 0.9, for this large system, the number of initial solutions will be 6.

According to Table 11, only 6 initial solutions with a value of C = 0.1 are sufficient. The literature
reports that the best solution found [55, 7, 86, 72, 13, 89, 90, 83, 92, 39, 34, 42, 62] for this system,
the proposed method achieves the same reported solution with a standard deviation of zero.
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Table 11. Results for 94-Bus system, n=6 — 100 simulations.
Param. Results
Aver.  Stand. Configuration Losses Nro  Average Average
C n Value Dev. Worst Worst (kW)  Recu. Time Iteration
(kW) best. Best. (kW) (s)

01 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 20.26 80
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

02 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 18.23 80
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

03 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 17.57 84
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

04 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 17.05 91
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

05 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 24.04 83
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

0.6 6 470.67 0 [55,7,86,72,13, 89,90, 83, 92, 39, 34, 42, 62] 470.67 100 16.46 78
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

07 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 16.69 112
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

08 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 20.44 76
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

09 6 470.67 0 [55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67 100 17.77 77
[55,7,86,72,13, 89,90, 83,92, 39, 34, 42, 62] 470.67

Table 12, provides a comparative analysis of the proposed method with other methods
documented in the literature, demonstrating the favorable results achieved by the proposed approach.

Table 12. Comparison of methods for 94 buses—100 simulations.

Global Standard .
Method Solution Deviation Solution
Open Switches Losses (kW)
ISA-HC (C=0.1) 100 0 Best [55,7,86,72,13,89,90,83,92,39,34,42,62] 470.67
Worst  [55,7,86,72,13, 89,90, 83,92, 39, 34,42,62] 470.67
J.Amorim-SA (2022) [22] 100 0 Best [55,7,86,72,13,89,90,83,92,39,34,42,62] 470.67
Worst [55,7,86,72,13,89,90, 83,92,39,34,42,62] 470.67
L.Pinheiro (2022) [2] 100 0 Best [55,7,86,72,13,89,90,83,92,39,34,42,62] 470.67
Worst  [55,7,86,72,13, 89,90, 83,92,39,34,42,62] 470.67
IS-BPSO (2019) [3] 99 0.098 Best [55,7,86,72,13,89,90, 83,92, 39,34,42,62] 470.67
Worst  [55,7,86,72,13, 89,90, 82,92,39,34,42,63] 471.37
Andrade (2018) [12] 100 0 Best [55,7,86,72,13,89,90, 83,92, 39, 34,42,62] 470.67
Worst  [55,7,86,72,13, 89,90, 83,92,39, 34,42,62] 470.67
J.Dong (2017) [42] 0 2.1896 Best [55,7,86,72,13,89,90,82,92,93,34,40,62] 471.49
Worst [84,7,86,87,76,89,90,91,92,29, 34,40, 64] 488.68
Rahman (2017) [41] 0 12.7050 Best [84,7,86,72,13,89,90,83,92,93,34,40,63] 471.16
Worst [84, 85, 86, 87, 13, 89, 90, 83, 92, 93, 34,40, 96] 509.45

The Figure 12 shows that the proposed method starts with a better initial solution than the other
methods and with a smaller number of iterations (80). The legend displays the number of iterations
required to achieve convergence for each method. ISA-HC on average takes 20.26 s, Amorim 56.88 s,
Andrade (C =0.1) 39.8 s and for (C = 0.8) 47.55 s.
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Figure 12. Comparison of SA methods for 94 buses.
7. Conclusions

This paper introduces the Improved Simulated Annealing with Hybrid Cooling (ISA-HC) method,
featuring a novel three-phase cooling strategy. The first two phases incorporate the geometric method
with variable alpha, enabling both rapid and gradual temperature changes for effective exploration
of the solution space. The third phase integrates the Lundy & Mees method, specifically tailored
for low temperatures, ensuring efficient cooling and enhancing solution acceptance through the
Boltzmann equation.

The implementation of the Selective Space Mesh in all four systems contributes to improved
neighbor generation, focusing on relevant configurations and enhancing the search for candidate
solutions. Addressing the challenge of defining the initial temperature in Simulated Annealing,
ISA-HC provides an equation adapted to the system size, mitigating its impact on the final solution.
This improvement is evident in the method comparison graphs, particularly during iteration 0 in the
analyzed systems.

By meticulously controlling the cooling process and incorporating appropriate stopping criteria,
ISA-HC avoids unnecessary computational resource expenditure. This optimization strategy results
in faster simulations, quicker convergence, and more efficient solution exploration. The cooling rate
plays a crucial role in reducing calculation time during neighbor generation, ensuring the acquisition
of only essential neighbors for a given temperature.

The proposed method encompasses various contributions, each directly or indirectly reducing
convergence time and positively influencing solution quality and computational efficiency. ISA-HC
achieves a 40% to 70% reduction in the number of iterations and computation times compared to
other methods, establishing its competitiveness among metaheuristics. The comparative tables from
100 simulations demonstrate the method’s high attractiveness and efficiency, consistently achieving
the reported solution with 100% effectiveness. The results suggest that, for the initial temperature
equation, it is advisable to use values between [0.1-0.3] for the parameter C.

One limitation of the proposed approach is its applicability to distribution systems with
distributed generation, such as photovoltaic plants. Future work will evaluate how the integration
of photovoltaic generation affects system optimization and will investigate the proposed method,
as well as a combination of the ISA-HC method with other metaheuristics, to improve efficiency and
robustness in more complex energy distribution scenarios.
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