
Engineering, Technology & Applied Science Research Vol. 15, No. 2, 2025, 21518-21525 21518  
 

www.etasr.com Firdaus et al.: Control Strategy of OLTC using Quantum Binary Particle Swarm Optimization … 

 

Control Strategy of OLTC using Quantum 
Binary Particle Swarm Optimization to Improve 
the Voltage Stability Index 

 

Aji Akbar Firdaus 

Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia | Universitas Airlangga, Surabaya, Indonesia 
7022202001@student.its.ac.id 
 
Adi Soeprijanto  

Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia 
adisup@its.ac.id (corresponding author) 
 
Ardyono Priyadi  

Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia 
priyadi@its.ac.id  
 
Dimas Fajar Uman Putra  

Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia  
dimasfup@its.ac.id 

Received: 25 November 2024 | Revised: 2 January 2025, 23 January 2025, and 4 February 2025 | Accepted: 6 February 2025 

Licensed under a CC-BY 4.0 license | Copyright (c) by the authors | DOI: https://doi.org/10.48084/etasr.9715 

ABSTRACT 

Efficient voltage regulation in distribution and transmission systems heavily relies on transformers with 

On-Load Tap Changers (OLTC). This study introduces a novel optimization technique, called Quantum 

Binary Particle Swarm Optimization (QBPSO), to optimize transformer tap settings to improve voltage 

stability and reducing power losses. QBPSO combines the principles of quantum computing with binary 

particle swarm optimization, enhancing the algorithm's exploration and exploitation capabilities. Utilizing 

the Bus Injection to Branch Current-Branch Current to Bus Voltage (BIBC-BCBV) method for power 

flow analysis, this research evaluates the performance of the proposed method on the IEEE 34-bus 20 kV 

radial distribution system. The results indicate a significant reduction in the Voltage Stability Index (VSI) 

from 0.2257 to 0.2069, a decrease in power losses from 21.756 kW to 19.1573 kW, and an improvement in 

the average voltage from 19.0047 kV to 19.9453 kV. A comparative analysis with Genetic Algorithm (GA), 

Binary Particle Swarm Optimization (BPSO), and Quantum Differential Evolution (QDE) demonstrates 

that QBPSO achieves superior performance in computational efficiency and voltage stability enhancement. 

These results highlight the effectiveness of QBPSO as a powerful tool for optimizing OLTC settings, 

contributing to the reliability and efficiency of power distribution systems. 

Keywords-BIBC-BCBV; distribution network; OLTC; QBPSO; VSI   

I. INTRODUCTION  

Voltage stability and power loss minimization are critical 
concerns in the operation of electrical distribution networks. As 
the electricity demand continues to rise, improving the 
efficiency and reliability of power distribution systems has 
become increasingly important [1-3]. Voltage instability can 
lead to blackouts and system failures, so developing strategies 
that ensure stable and efficient power delivery is essential. An 
On-Load Tap Changer (OLTC) is a key method to minimize 
power losses. In [4-8], the application of a static compensator 
for distribution and voltage regulation on a transformer was 

combined with OLTC. Additionally, the control strategy 
involves coordinating OLTC operations and managing the 
reactive power exchange from distributed generation and 
photovoltaic (PV) systems. However, this manual coordination 
process is time-consuming, and integrating Distributed 
Generation (DG), wind turbines, and PV systems entails 
significant costs. Furthermore, variations in load changes and 
additions further complicate the scenario. To address these 
challenges, several Artificial Intelligence (AI) methods have 
been proposed to optimize OLTC. In [9, 10], OLTC was 
applied for distribution and voltage regulation. These methods 
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employ various metaheuristic and evolutionary algorithms, 
including the Genetic Algorithm (GA), Binary Genetic 
Algorithm (BGA), Particle Swarm Optimization (PSO), 
Quantum Differential Evolution (QDE), and Binary Particle 
Swarm Optimization (BPSO), aiming to minimize power 
losses. 

The use of PSO in optimization has been extensively 
explored, particularly in the context of OLTC. In PSO, particles 
represent potential solutions and move through the solution 
space following the best-performing particles. This collective 
behavior helps the swarm to converge to optimal solutions 
efficiently. However, PSO is prone to local minima and 
parameter sensitivity issues, making it less effective for 
discrete optimization problems [11]. To overcome these 
limitations, BPSO has been developed specifically for discrete 
function optimization. BPSO modifies the standard PSO by 
constraining particle positions to binary values, making it 
suitable for problems with binary decision variables [12]. 
Despite its advantages, BPSO has limitations. One notable 
weakness lies in its initial randomization process, which can 
result in suboptimal solutions. The randomization of binary 
particles in BPSO can sometimes hinder the effective 
exploration of the solution space, thus affecting the algorithm's 
ability to converge towards the global optimum [13]. This 
limitation necessitates further enhancements to improve the 
algorithm's performance in complex optimization tasks. Recent 
advances include Quantum Particle Swarm Optimization 
(QPSO), which enhances optimization capabilities by 
integrating quantum computing principles [14-16]. Quantum 
computing introduces concepts such as superposition and 
entanglement, allowing for a more comprehensive exploration 
of the solution space.  

This paper introduces QBPSO to optimize OLTC settings 
in distribution networks, aiming to enhance voltage stability 
and minimize power losses. The proposed method was 
evaluated on the IEEE 34-bus 20 kV radial distribution system. 
The results indicate significant improvements in voltage 
stability and reductions in power losses, demonstrating the 
effectiveness of QBPSO in enhancing the efficiency and 
reliability of power distribution systems. 

II. RESEARCH METHOD 

The implementation of QBPSO for controlling an OLTC 
starts by initializing the particles within the QBPSO 
framework. Each particle represents a potential solution for the 
OLTC's tap settings, with initial positions and velocities set 
within defined limits to explore feasible solutions. Once 
initialized, the fitness of each particle is evaluated according to 
predefined criteria, such as the voltage stability index or power 
loss reduction, which reflect the performance of the voltage 
profile across the distribution system. After fitness evaluation, 
the algorithm updates each particle's personal best (pbest) and 
global best (gbest) values. Specifically, if a particle's current 
fitness is better than any previous fitness value it achieved, its 
position updates to pbest. Similarly, if a particle's fitness 
surpasses the best fitness identified by the entire swarm, gbest 
updates to this new optimal position. 

The next step involves adjusting each particle's velocity and 
position using the QBPSO formula, which incorporates a 
stochastic quantum component to enhance search space 
exploration. This quantum-inspired update ensures that 
particles explore a broader range of potential solutions, which 
aids in escaping local optima. Finally, convergence is assessed 
by determining whether the algorithm meets the iteration limit 
or if gbest stabilizes with minimal changes over subsequent 
iterations. If the convergence criteria are not met, the algorithm 
loops back to fitness evaluation, iterating until the optimal 
solution for OLTC control is achieved. 

A. Formulation of the Problem in the Radial Distribution 
System 

The primary objective is to reduce the Voltage Stability 
Index (VSI), an essential metric for evaluating the voltage 
stability level across an interconnected power system. A lower 
VSI indicates better system stability, with optimal stability 
achieved when VSI approaches zero [17-19]. The VSI in the 
two-bus equivalent model of the distribution system is 
illustrated in Figure 1. �� , ��, and �� represent the sending-end 
of total active power, reactive power, and voltage, respectively. 
Similarly, ����, ����, and ���� denote the receiving-end active 
power, reactive power, and voltage. �� � 	
� represents the data 
of the line between the sending bus and the receiving bus.  

 

 
Fig. 1.  The two-bus equivalent model of the distribution system. 

From the system modeling shown in Figure 1, the line 
current equations for the two-bus system can be calculated 
using (1) and (2). ��  and ��  refer to the active and reactive 
power losses of the distribution line, respectively. 

� � ����� ������
�����      (1) 

� � ���������
����������    (2) 

From (1) and (2), (3) is obtained. 

����� ������
����� � ���������

����������    (3) 

Then, ��  and �� can be obtained from (6) and (7). 

��  � �� � ����    (4) 

�� � �� � ����    (5) 

�� � �������� ������
����� �     (6) 

�� � 
������� ������
����� �    (7) 

Equations (6) and (7) are substituted into (3). 

��� . ���� � ���� � � ����� � ���� �. ��� � 
�� (8) 

���� � �� . ���� � ������ � ���� �. ��� � 
�� � 0 (9) 
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Equation (10) represents the root calculation of (9). 

�� � 4. ������ � ���� �. ��� � 
��  0  (10)  

�4. ������ � ���� �. ��� � 
��  ���  (11) 

4. !"����� ������ #.�$���%���
��� & 1   (12) 

From (12), VSI is shown in (13). 

(� � 4. !"����� ������ #.�$���%���
���    (13) 

The system's stability level can be evaluated using (13). If (�  approaches one, the system is considered less stable. 
Conversely, if (�  approaches zero, the system is considered 
more stable [20]. 

The development of the VSI applied to a two-bus 
equivalent system derived from a multi-bus system can be 
illustrated as shown in Figure 2. The total active and reactive 
power of the load in the two-bus system can be represented by 
the symbols �)  and �) , while the total active and reactive 
power of generation can be represented by �*  and �* . 
Consequently, the equivalent impedance is expressed as �+,  and 
+, . The value of the equivalent impedance is obtained through 
calculations using (16) and (17). 

 

 
Fig. 2.  The two-bus equivalent system. 

From (6) and (7), the development equations of the VSI are 
obtained as shown in (14) and (15). 

�� � �+,��-���-�
�-� �     (14) 

�� � 
+,��-���-�
�-� �    (15) 

If �*  is 1.0 per unit (p.u) because it is close to the 
generation, then the equation �+, � 
+,  can be expressed as:  

�+, � � ��
�-���-��     (16) 


+, � � ��
�-���-��    (17) 

The development of the VSI applied to a two-bus 
equivalent system derived from a multi-bus system can be 
represented as (18) [20], assuming �* is 1.0 p.u. 

( � 4. !��* � �*�. ��+, � 
+, �   (18) 

B. Power Flow Analysis in the Radial Distribution System 

Power flow analysis in radial distribution systems differs 
from that in transmission systems. This radial configuration, 
characterized by a single path between two nodes, requires 
specialized methods for accurate power flow calculations. One 

effective approach for this is the Bus Injection to Branch 
Current-Branch Current to Bus Voltage (BIBC-BCBV) 
method, which is particularly well-suited for radial systems 
[21]. 

⎣⎢
⎢⎢
⎡1�1121314⎦⎥

⎥⎥
⎤

�
⎣⎢
⎢⎢
⎡1 1 1 1 10 1 1 1 10 0 1 1 00 0 0 1 00 0 0 0 1⎦⎥

⎥⎥
⎤

⎣⎢
⎢⎢
⎡��2�3�4�8⎦⎥

⎥⎥
⎤
   (19) 

91: � 91�1;:9�:    (20) 

From (19), the BCBV matrix can be organized similarly, as 
shown in (21). 

⎣⎢
⎢⎢
⎡�� � ��� � �2�� � �3�� � �4�� � �8⎦⎥

⎥⎥
⎤

�
⎣⎢
⎢⎢
⎡<� 0 0 0 0<� <2 0 0 0<� <2 <23 0 0<� <2 <23 <34 0<� <2 0 0 <28⎦⎥

⎥⎥
⎤

⎣⎢
⎢⎢
⎡1�1121314⎦⎥

⎥⎥
⎤
 (21) 

The general structure of (21) can be formulated similarly to:  

9∆�: � 91;1�:91:    (22) 

If (20) is substituted into (21), the following equation for 
the voltage drop �∆�� is obtained. 

9∆�: � 91;1�:91�1;:9�:   (23) 

The determination of the power alteration can be achieved 
through the calculation of iterative equations given in: 

���>� � ?���@��
���A� B

∗
    (24) 

9�>: � 91;1�:91�1;:9�>:   (25) 

9∆�>��: � 9��: � 9∆�>:   (26) 

where ��  to �8  represent the voltages at bus 1 to bus 6, < 
represents the impedance of lines, and D denotes the iteration of 
the load flow calculation. 

C. Quantum Binary Particle Swarm Optimization (QBPSO) 

PSO, inspired by the collective intelligence observed in bird 
flocks and fish schools, was introduced by Kennedy and 
Eberhart [22-25]. The PSO algorithm utilizes a population of 
particles that move through the solution space. This collective 
behavior allows the swarm to converge toward optimal 
solutions efficiently. The standard formulations of the PSO 
algorithm are represented by (27) and (28). 

EF�G � 1� � EF�G� � H��IJK LMN � 
F�G�O �  

  H�IJK LMP � EF�G�O    (27) 


F�G � 1� � 
F�G� � EF�G � 1�   (28) 

In BPSO, the updates for MP  and MN within the swarm 
follow the standard PSO procedure. However, the key 
difference between PSO and BPSO lies in interpreting velocity. 
In BPSO, velocity is constrained within the range of [0, 1]. The 
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particle's new position is determined by (29), while its velocity 
is defined by (30). 

EF@�G� � QRS�G� � �
��+TUVW�X�    (29) 


F@�G � 1� � Y1 RZ �F@ [ QRS LEF@�G � 1�O
0 \Gℎ^�_RQ^  (30) 

 

 
Fig. 3.  Flowchart of the proposed method. 

QBPSO integrates quantum computing principles with 
BPSO [26, 27]. It integrates quantum mechanics principles 
with binary search space optimization to address challenges in 
discrete optimization problems. QBPSO enhances the 
exploration-exploitation balance, enabling better convergence 
and avoiding local optima. Equations (31) and (32) determine 
the velocity of QBPSO. The parameters �� , � , and �2  in 
QBPSO represent random numbers that determine the 
influence of the personal best (pbest), global best (gbest), and 
mean best (mbest) positions on particle movement. The values of ��, �, and �2 are 0.3, 0.4, and 0.3, respectively. The parameters `  and a  play a crucial role in achieving a balance between 
local and global search, effectively guiding the algorithm 
toward the global optimum without getting trapped in local 
optima. The parameter ` emphasizes exploration by enabling 

particles to search across a broader solution space, preventing 
premature convergence and allowing the algorithm to discover 
new and potentially better solutions, while a  focuses on 
exploitation, refining the search within promising regions of 
the solution space to improve convergence speed toward an 
optimal solution. The values `  and a  are 0.4 and 0.3. The 
parameter b  is the number of particles. Figure 3 shows the 
implementation of the QBPSO algorithm. 

cd^QG@ � �
e ∑ Md^QGF@eFg�      (31) 

EF@ � `. ��. "Md^QG�@ � 
�@# �  a. �. "Sd^QG@ � 
�@#  

��1 � ` � a�. �2. "cd^QG@ � 
�@#  (32) 

III. RESULTS AND DISCUSSION 

This study used a radial network consisting of 34 buses 
operating at 20 kV. Figure 4 shows the placement of an OLTC 
within the IEEE 34-bus system. Detailed line and load data for 
each bus are presented in Tables I and II, respectively. The 
load-type column in the bus data table specifies the type of 
load, with a value of 1 indicating constant power, 2 
representing constant current, and 3 denoting constant 
impedance. 

TABLE I.  LINE DATA  

Branch Impedance 

From Bus To Bus R (Ω) X (Ω) 

1 2 0.6532 0.6518 
2 3 0.438 0.4371 
3 4 8.1601 8.143 
4 5 1.4695 1.4664 
4 6 9.4943 9.4744 
6 7 7.5271 7.5113 
7 8 0.0037 0.0027 
8 9 0.1133 0.0829 
9 10 0.9067 0.4811 
10 11 25.524 13.544 
11 12 7.2851 3.8657 
9 13 3.7321 2.7294 
13 14 0.307 0.2246 
13 15 1.6062 0.8525 
15 16 7.4714 5.5642 
16 17 0.1901 0.139 
17 18 12.368 6.5638 
17 19 13.462 9.8548 
19 20 0.0037 0.0027 
20 21 1.7911 1.3099 
21 22 0.8588 0.4558 
20 23 0.053 0.026 
23 24 2.6736 2.668 
21 25 2.131 1.5585 
25 26 0.1023 0.0749 
26 27 0.4935 0.3609 
27 28 1.3305 0.9731 
28 29 0.1937 0.1417 
25 30 0.7384 0.54 
30 31 0.9796 0.7164 
31 32 0.3144 0.2299 
31 33 0.1023 0.0749 
33 34 1.7688 1.3082 
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TABLE II.  LOAD DATA 

Bus P (MW) Q (MVAR) Load-type 

2 0 0 0 
3 0 0 0 
4 0 0 0 
5 0 0 0 
6 0 0 0 
7 0 0 0 
8 0 0 0 
9 0 0 0 

10 0 0 0 
11 0 0 0 
12 0 0 0 
13 0 0 0 
14 0 0 0 
15 0 0 0 
16 0.01 0.005 3 
17 0 0 0 
18 0 0 0 
19 0 0 0 
20 0 0 0 
21 0 0 0 
22 0 0 0 
23 0 0 0 
24 0.15 0.075 2 
25 0 0 0 
26 0 0 0 
27 0.135 0.105 3 
28 0 0 0 
29 0.02 0.016 1 
30 0.02 0.016 1 
31 0 0 0 
32 0.009 0.007 2 
33 0 0 0 
34 0 0 0 

 

 
Fig. 4.  Distribution system 34-bus. 

The radial network consists of 34 buses and five 
transformers operating at a voltage level of 20 kV, as shown in 
Figure 4. The transformers are strategically placed between 
Bus 3 and Bus 4, Bus 9 and Bus 13, Bus 15 and Bus 16, Bus 21 
and Bus 25, and Bus 30 and Bus 31. Using the BIBC-BCBV 
method without OLTC, the power flow analysis results show a 
total active power load of 428.638 kW and total power losses 
of 21.756 kW. Additionally, the average voltage is 19.0047 kV, 
with the lowest voltage recorded at 18.054 kV. These values 
were obtained from the initial tap settings of transformers 1 to 
5, set in the sequence of -1, 0, 2, -1, 0. 

TABLE III.  RESULTS OF POWER FLOW WITHOUT OLTC 
COORDINATION 

From 

Bus 

To 

Bus 

Current Losses Deviation of 

voltage drop 

(%) 
I  

(A) 

Angle 

(deg) 

P  

(kW) 

Q 

(kVAR) 

1 2 20.07 -33.29 0.26 0.26 0.09 
2 3 20.07 -33.29 0.18 0.18 0.15 
3 4 20.07 -33.29 3.29 3.28 3.79 
4 5 0 0 0 0 3.79 
4 6 20.07 -33.29 3.82 3.82 5.11 
6 7 20.07 -33.29 3.03 3.03 6.16 
7 8 20.07 -33.29 0 0 6.16 
8 9 20.07 -33.29 0.05 0.03 6.17 
9 10 0 0 0 0 6.17 
10 11 0 0 0 0 6.17 
11 12 0 0 0 0 6.17 
9 13 20.07 -33.29 1.5 1.1 6.64 
13 14 0 0 0 0 6.64 
13 15 20.07 -33.29 0.65 0.34 6.82 
15 16 20.07 -33.29 3.01 2.24 7.76 
16 17 19.55 -33.46 0.07 0.05 7.78 
17 18 0 0 0 0 7.78 
17 19 19.55 -33.46 5.14 3.76 9.41 
19 20 19.55 -33.46 0 0 9.41 
20 21 11.27 -38.58 0.23 0.17 9.54 
21 22 0 0 0 0 9.54 
20 23 8.39 -26.57 0 0 9.42 
23 24 8.39 -26.57 0.19 0.19 9.57 
21 25 11.27 -38.58 0.27 0.2 9.69 
25 26 9.32 -38.54 0.01 0.01 9.69 
26 27 9.32 -38.54 0.04 0.03 9.72 
27 28 1.38 -39.2 0 0 9.73 
28 29 1.38 -39.2 0 0 9.73 
25 30 1.95 -38.82 0 0 9.69 
30 31 0.57 -37.87 0 0 9.70 
31 32 0.57 -37.87 0 0 9.70 
31 33 0 0 0 0 9.70 
33 34 0 0 0 0 9.70 

 
Table III presents the power flow analysis for the IEEE 34-

bus radial distribution system without OLTC coordination, 
highlighting key parameters such as current flow, active and 
reactive power losses, and voltage drops. A significant 
observation is the line between Bus 3 and Bus 4, which 
experiences a current of 20.07 A, resulting in active and 
reactive power losses of 3.29 kW and 3.28 kVAR, respectively. 
The system's voltage profile, as depicted in Figure 5, reveals 
that several buses, particularly from Bus 6 to Bus 34, 
experience voltage drops below the acceptable threshold of 
±5% from the base voltage of 20 kV. This indicates areas of 
voltage instability within the network, reflecting the effects of 
power losses and inadequate voltage regulation without OLTC 
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coordination. The lowest recorded voltage is 18.054 kV, 
underscoring the need for optimization strategies to maintain 
voltage levels within the allowable ranges and improve overall 
system stability. Similar inefficiencies are observed across 
other network parts, highlighting significant power losses and 
voltage drops without OLTC optimization. These findings 
establish a basis for evaluating system inefficiencies and 
highlight the importance of advanced optimization techniques, 
such as QBPSO, to minimize power losses and enhance voltage 
stability. 

 

 
Fig. 5.  Profile of Voltage without OLTC coordination. 

The optimization simulation of the system using QBPSO 
aims to achieve optimal OLTC tap coordination, as shown in 
Table IV, with the objectives of improving voltage stability, 
minimizing power losses, and maintaining voltage levels 
within predefined standards. Table V presents the power flow 
simulation results after OLTC optimization using QBPSO. 
These findings reveal a total power loss of 19.157 kW and an 
average voltage of 19.9453 kV. Notably, there are no under-
voltage buses, with the minimum voltage recorded at 19.099 
kV, as depicted in Figure 6.  

Table v presents the power flow analysis results after 
OLTC optimization using the QBPSO method, highlighting 
parameters such as current magnitude, active and reactive 
power losses, and voltage drops for each line in the IEEE 34-
bus radial distribution system. These results demonstrate a 
significant reduction in power losses, with the line between Bus 
3 and Bus 4 showing a decrease in active power losses from 
3.29 kW to 3.09 kW and reactive power losses from 3.28 
kVAR to 3.09 kVAR. Similar improvements were observed 
across other lines, resulting in enhanced voltage stability and 
more efficient power distribution. Specifically, this 
optimization eliminated under-voltage conditions, as all bus 
voltages are now within the acceptable range of ±5% from the 
base voltage of 20 kV, as depicted in Figure 5, with the 
minimum recorded voltage being 19.099 kV. These findings 
highlight the effectiveness of QBPSO in minimizing power 
losses, stabilizing voltage levels, and improving overall system 
efficiency, making it a valuable tool for optimizing radial 
distribution networks. 

 

 

 

TABLE IV.  RESULTS OF OLTC COORDINATION USING 
QBPSO 

Number of 

Transformers 

Tap 

Transformer 

Line Location 

From Bus To Bus 

1 -1 3 4 
2 1 9 13 
3 3 15 16 
4 -3 21 25 
5 3 30 31 

5 3 30 31 

TABLE V.  RESULT OF POWER FLOW WITH OLTC 
COORDINATION USING QBPSO 

From 

Bus 
To Bus 

Current Losses Deviation 

of Voltage 

Drop (%) 
I (A) 

Angle 

(deg) 

P  

(kW) 

Q  

(kVAR) 

1 2 19.47 -33.53 0.25 0.25 0.09 
2 3 19.47 -33.53 0.17 0.17 0.15 
3 4 19.47 -33.53 3.09 3.09 1.25 
4 5 0 0 0 0 1.25 
4 6 19.47 -33.53 3.6 3.59 2.53 
6 7 19.47 -33.53 2.85 2.85 3.54 
7 8 19.47 -33.53 0 0 3.54 
8 9 19.47 -33.53 0.04 0.03 3.55 
9 10 0 0 0 0 3.55 

10 11 0 0 0 0 3.55 
11 12 0 0 0 0 3.55 
9 13 19.47 -33.53 1.14 0.77 1.50 

13 14 0 0 0 0 1.50 
13 15 19.47 -33.53 0.61 0.32 1.68 
15 16 19.47 -33.53 2.36 1.55 4.92 
16 17 18.89 -33.73 0.07 0.05 4.89 
17 18 0 0 0 0 4.89 
17 19 18.89 -33.73 4.8 3.52 3.32 
19 20 18.89 -33.73 0 0 3.32 
20 21 11.37 -38.53 0.23 0.17 3.19 
21 22 0 0 0 0 3.19 
20 23 7.62 -26.57 0 0 3.32 
23 24 7.62 -26.57 0.16 0.16 3.18 
21 25 11.37 -38.53 0.26 0.03 4.46 
25 26 9.51 -38.48 0.01 0.01 4.46 
26 27 9.51 -38.48 0.04 0.03 4.49 
27 28 1.34 -39.15 0 0 4.50 
28 29 1.34 -39.15 0 0 4.51 
25 30 1.86 -38.8 0 0 4.47 
30 31 0.52 -37.87 0.02 0.02 3.03 
31 32 0.52 -37.87 0 0 3.03 
31 33 0 0 0 0 3.03 
33 34 0 0 0 0 3.03 

 

 
Fig. 6.  Voltage profile with OLTC coordination using QBPSO. 
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Figure 7 illustrates the convergence patterns of GA, QDE, 
BPSO, and QBPSO. Specifically, GA, QDE, BPSO, and 
QBPSO reach convergence in the 52nd, 26th, 33rd, and 21st 
iterations, respectively. Table VI provides a comparative 
analysis of the performance of GA, BPSO, QDE, and QBPSO 
in terms of power losses, VSI, and computational time. The 
power losses observed with the GA are the highest at 19.3016 
kW. In contrast, BPSO, QDE, and QBPSO all achieve the same 
reduced power losses of 19.1573 kW, indicating their superior 
ability to minimize losses in the system compared to GA.  VSI 
values reflect the voltage stability of the system, with a lower 
value indicating better stability. GA has the highest VSI at 
0.208495035, suggesting lower voltage stability compared to 
the other algorithms. BPSO, QDE, and QBPSO all achieve a 
VSI of 0.206936313, demonstrating their effectiveness in 
improving voltage stability. Computational efficiency is 
represented by the time taken to converge to an optimal 
solution. GA is the slowest, taking 15.8789 seconds. BPSO 
significantly improves this with a time of 10.5559 seconds, 
followed by QDE at 7.182868 seconds. QBPSO outperforms 
all other algorithms in terms of speed, requiring only 3.858783 
seconds to achieve optimal results. This indicates that QBPSO 
not only matches BPSO and QDE in minimizing power losses 
and improving VSI but also does it in a much shorter time 
frame, highlighting its superior computational efficiency. The 
table highlights the efficiency and effectiveness of the QBPSO 
algorithm compared to GA, BPSO, and QDE. QBPSO achieves 
the lowest power losses and VSI, indicating optimal 
performance in terms of minimizing losses and enhancing 
voltage stability. Additionally, QBPSO significantly reduces 
the computational time required to achieve optimal solutions, 
demonstrating its superior efficiency and making it the most 
favorable algorithm for optimizing OLTC settings in the given 
radial distribution network.  

 

 
Fig. 7.  Convergence comparison of GA, QDE, BPSO, and QBPSO. 

TABLE VI.  COMPARISON OF RESULTS OF LOSSES, VSI, 
AND TIME 

Algorithm Losses (kW) VSI Time (s) 

GA 19.3016 0.208495035 15.8789 
BPSO 19.1573 0.206936313 10.5559 
QDE 19.1573 0.206936313 7.182868 

QBPSO 19.1573 0.206936313 3.858783 

 

IV. CONCLUSION 

This study demonstrated the effectiveness of the Quantum 
Binary Particle Swarm Optimization (QBPSO) algorithm in 
OLTC settings within a 20 kV radial distribution system 
comprising 34 buses. The implementation of QBPSO 
significantly reduced active power losses from 21.756 kW to 
19.157 kW and improved the average voltage from 19.0047 kV 
to 19.9453 kV, with the minimum voltage increasing to 19.099 
kV, well within the permissible range. QBPSO outperformed 
other algorithms, such as the Genetic Algorithm (GA), Binary 
Particle Swarm Optimization (BPSO), and Quantum 
Differential Evolution (QDE), by achieving a lower VSI of 
0.2069 and the fastest computation time of just 3.86 seconds. 
The optimization results eliminated under-voltage conditions, 
ensuring that all bus voltages remained within the ±5% 
tolerance range. These findings highlight QBPSO's superior 
capability to enhance voltage stability, reduce power losses, 
and improve overall system reliability and efficiency. This 
research provides valuable insights into the application of AI-
based optimization methods for modern power distribution 
systems, offering practical solutions to improve operational 
quality and sustainability. 
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