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ABSTRACT 
 
Quantum computing is a big change in how to do calculations, especially good for solving complex 
problems that are hard for traditional computers. These problems often get worse quickly as they grow 
bigger, making them very difficult to solve efficiently. Although quantum computers have some big 
advantages, they still have some issues like limited number of qubits, noise, and problems with staying 
stable for long periods. To deal with these problems and make the best use of both quantum and classical 
methods, this research proposes a new system that mixes classical methods such as Particle Swarm 
Optimization (PSO) and Genetic Algorithms (GA) with quantum methods like Quantum Approximate 
Optimization Algorithm (QAOA) and different versions of Grover's search. [14] [15] [1] [5] 
The classical methods are good at finding good solutions and working reliably, while the quantum parts can 
help in certain tasks, like searching or improving calculations. The new system is tested on real problems in 
areas like logistics (like planning delivery routes), network routing (like finding the fastest paths), and job 
scheduling (like assigning tasks with limited resources). A way is developed to turn these problems into a 
form that quantum computers can understand, called QUBO. [10] 
The tests use real data and simulated quantum setups (like Qiskit and D-Wave Ocean SDK). The results 
show that this new system works better than using only classical or only quantum methods in terms of the 
quality of the solutions, how fast they find the answers, and how long they take. This study shows the 
potential of using a mix of quantum and classical methods to solve problems more effectively and sets up a 
foundation for future research in using quantum methods to help make better decisions. [12] [18] 
Keywords: Quantum Computing, Hybrid Optimization, QAOA, Grover's Algorithm, Particle Swarm 

Optimization, Genetic Algorithm, Scheduling, Logistics, Network Routing. 
 
1. INTRODUCTION 
 
In today’s world, solving complex problems is 
very important for many areas like logistics, 
scheduling, and network routing. 
These fields often face tough challenges because 
the problems are complex, have many possible 
options, and need quick solutions. These 
problems are usually very hard to solve with 
traditional methods because the time needed to 
find a perfect solution increases rapidly as the 
problem gets bigger. 
 
Quantum computing is seen as a promising new 
tool that might help with these kinds of problems. 
Some quantum algorithms, like Grover's search, 
can speed up search processes, while others like 
QAOA can use quantum properties to find better 
solutions for complex problems. However, the 
current quantum hardware, known as NISQ 

devices, has limitations such as noise, limited 
qubits, and instability, which make it hard to use 
them for real-world problems directly. [1] [5] 
 
To solve this, this research looks into combining 
classical methods such as Particle Swarm 
Optimization (PSO) and Genetic Algorithms 
(GA) with quantum methods like QAOA and 
variants of Grover's search. [14] [15] [1] [5] 
Classical methods are reliable and scalable, 
while quantum methods bring new 
computational advantages in some areas like 
cost evaluation and searching. By combining 
these, the new system aims to find better 
solutions faster and more reliably. 
 
This paper focuses on designing, testing, and 
evaluating these new systems on real problems 
like vehicle routing, network path planning, and 
job scheduling. 
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The study provides insights into the 
effectiveness of using hybrid methods and helps 
in developing more scalable quantum-enhanced 
solutions as quantum technology improves. 
 
2. BACKGROUND AND RELATED WORK 
 
This section looks into the key algorithms and 
research that supports the use of hybrid 
quantum-classical systems for optimization. 
It covers important quantum algorithms that are 
good for solving complex problems, the classical 
methods widely used for finding good solutions, 
and the growing research on using both together. 
 
2.1 Literature Survey 
 
Hybrid quantum-classical algorithms are a big 
step forward in solving optimization problems. 
QAOA, introduced by Farhi et al., is a type of 
quantum algorithm that uses quantum circuits 
and classical optimizers together. Studies have 
shown that using classical methods like PSO and 
GA with QAOA can lead to better results in 
adjusting parameters and finding good solutions. 
Schuld et al. and Biamonte et al. have explored 
the connection between classical and quantum 
methods, showing how they can work together 
effectively. [14] [15] [1] 
 
The Max-Cut problem is a common example of 
a hard problem that can be used to test 
optimization algorithms. It can be turned into a 
QUBO problem, which is compatible with 
quantum algorithms like QAOA and quantum 
annealing. Lucas has written extensively about 
how to convert NP problems into QUBO and 
Ising models, and Choi has developed new ways 
to map QUBO problems onto quantum hardware. 
These approaches are important for making 
hybrid systems work with real quantum 
hardware like D-Wave’s quantum annealer. [10] 
[12] [1] 
 
Real-world problems like vehicle routing, 
network routing, and job scheduling are very 
challenging. 
Researchers have used QAOA and hybrid 
solvers to tackle these by converting them into 
QUBO form. For example, Rosenberg et al. 
showed how to convert problems like VRP into 
QUBO. Quantum methods are being tested for 
real-world problems in logistics, and platforms 
like Qiskit and Ocean SDK are used for 
developing and testing these methods. There are 

also studies comparing classical optimizers like 
COBYLA with metaheuristics like PSO and GA 
when used with QAOA. [10] [14] [15] [18] [1] 
 
Problem Statement 
Optimization problems in areas like logistics, 
network routing, and job scheduling are very 
hard to solve, and they become much more 
complex as the size of the problem grows. 
Classical algorithms usually can't find good 
solutions quickly enough for big problems. 
Quantum computing has potential benefits for 
these kinds of problems. Algorithms like the 
Quantum Approximate Optimization Algorithm 
(QAOA) and Grover's search offer faster ways 
to solve certain types of optimization problems. 
However, the practical use of quantum 
algorithms is still limited because of the 
challenges with current quantum hardware, like 
having too few qubits, errors, and noise. [1] [5] 

A review of recent literature highlights: 

1. Problem-Specific Focus: Most studies 
evaluate optimization methods only on 
benchmark problems such as Max-Cut, 
providing limited evidence of their 
effectiveness for real-world 
applications like logistics, scheduling, 
and network routing.  

2. Reliance on Conventional QAOA 
Optimizer s: Existing QAOA 
implementations predominantly use 
local-search optimizers (e.g., COBYLA, 
SPSA, and Nelder-Mead), which are 
prone to getting trapped in local optima, 
especially in complex, high-depth 
quantum circuits.  [1] 

3. Insufficient Comparative Studies: 
Direct comparisons between PSO-
guided QAOA, GA-guided QAOA, and 
traditional optimizers are limited, 
restricting insights into their relative 
performance within hybrid quantum-
classical frameworks.  [14] [15] [1] 

4. Absence of Unified Frameworks: Most 
research addresses individual 
optimization problems separately, with 
little investigation into a common 
QUBO-based framework capable of 
solving logistics, scheduling, and 
network routing problems efficiently 
and effectively. [10] 



 Journal of Theoretical and Applied Information Technology 
30st June 2026. Vol.104. No.12 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
240 

 

This need drives the development of a hybrid 
quantum-classical optimization model that uses 
classical methods for stability and exploration, 
and quantum methods for faster search and 
better solution quality. 
This framework can help bridge the gap between 
theoretical quantum benefits and real-world 
applications. 
 
2.2 Quantum Algorithms 
Quantum algorithms work differently from 
classical methods by using special properties 
like superposition, entanglement, and 
interference. 
Among these, the Quantum Approximate 
Optimization Algorithm (QAOA) is especially 
promising for solving combinatorial 
optimization problems. These problems can be 
written as Quadratic Unconstrained Binary 
Optimization (QUBO) problems or Ising models. 
QAOA uses a combination of quantum and 
classical components. A quantum circuit is 
designed with parameters that are adjusted using 
a classical optimizer to find solutions that 
closely match the best possible answer. QAOA 
has been shown to work well on problems such 
as MaxCut, MaxSAT, and portfolio optimization. 
[10] [1] 
 
Another important quantum algorithm is 
Grover's Search Algorithm. [5] 
Grover's algorithm provides a faster way to 
search through large, unordered datasets. It has 
also been used in constraint satisfaction 
problems and optimizations through the use of 
special oracles that check for valid solutions. 
Although Grover's algorithm needs an oracle 
that is easy to build, it shows promise when 
paired with classical methods that help create or 
refine the oracle. [5] 
 
Research Questions 

RQ1: How effectively can a unified QUBO-
based framework model optimization problems 
across logistics, scheduling, and network routing 
domains? [10] 

RQ2: To what extent does the integration of 
Particle Swarm Optimization (PSO) and Genetic 
Algorithms (GA) enhance the performance of 
QAOA and Grover-based quantum optimization 
algorithms? [14] [15] [1] [5] 

RQ3: How well does the proposed hybrid 
quantum-classical framework solve 
representative combinatorial optimization 
problems under NISQ-era constraints? 

RQ4: What are the relative strengths and 
limitations of PSO-guided and GA-guided 
quantum optimization approaches? [14] [15] 

RQ5: What practical advantages can hybrid 
quantum-classical optimization frameworks 
offer for real-world decision-support and 
resource-allocation problems? 

2.3 Classical Heuristics 
Classical heuristics are widely used to solve 
optimization problems that are too hard to solve 
exactly, especially when the number of variables 
is very large. 
Particle Swarm Optimization (PSO) is a type of 
algorithm inspired by the way birds move in 
flocks. It uses a population of candidate 
solutions that adaptively explore the solution 
space. This makes PSO good for finding 
solutions in large, continuous, and complex 
search areas. [14] 
 
Genetic Algorithms (GA) are based on 
evolutionary biology. [15] 
They use techniques like selection, crossover, 
and mutation to improve a population of 
solutions over time. GAs are flexible and have 
been applied to various areas, including 
scheduling, routing, and decision-making. Their 
ability to avoid getting stuck in poor solutions 
and maintain a variety of solutions makes them 
good candidates to work with quantum 
optimization. [15] 
 
2.4 Hybrid Models 
Combining quantum and classical methods has 
led to the development of hybrid frameworks 
that use both types of approaches. 
These frameworks are particularly useful with 
the current generation of quantum computers, 
which are still noisy and limited. These models 
aim to use the search and parallel processing 
strengths of quantum algorithms along with the 
stability and scalability of classical heuristics. 
Early research has explored hybrid QAOA with 
classical initialization, GA-guided parameter 
tuning for quantum circuits, and quantum 
components embedded into classical 
optimization loops. [15] [1] 
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Some examples include: 
- Quantum-inspired GAs where quantum 
registers are used to represent diversity in the 
population [15] 
- PSO-based methods to optimize QAOA 
parameters more efficiently [14] [1] 
- Hybrid solvers from companies like D-Wave 
and IBM that use classical steps before or after 
quantum computations to improve solution 
quality and speed [12] 
 
Recent studies suggest that these hybrid 
approaches are not only compatible with current 
quantum hardware but may also work better than 
pure quantum or classical methods in complex 
optimization tasks. 
 
 
3. METHODOLOGY 
This section outlines the approach used to 
implement a hybrid quantum-classical 
optimization system for combinatorial problems 
in logistics, scheduling, and network routing. 
The approach is divided into four main parts: 
problem encoding, quantum computation, 
integration of classical heuristics, and the overall 
integration strategy. 
 
3.1 Problem Encoding 
Optimization problems like the Vehicle Routing 
Problem (VRP), Job-Shop Scheduling Problem 
(JSSP), and Network Routing are first converted 
into mathematical models such as Quadratic 
Unconstrained Binary Optimization (QUBO) or 
equivalent Ising model forms. [10] [26] [27] [28] 
QUBO is a good framework for both quantum 
annealing and gate-model quantum algorithms. 
[10] 
- VRP: Each possible route is represented using 
binary variables. 
These ensure that each node is visited once, and 
the total travel cost is minimized. 
- JSSP: The start time of each job on a machine 
is encoded to avoid overlaps and minimize the 
total time the jobs take. 
- Network Routing: Network paths are encoded 
to ensure minimum delay, no repeated paths, and 
balanced load distribution. [28] 
This transformation allows a single framework 
to handle different types of problems and work 
with both QAOA and Grover-based methods. [1] 
[5] 
 
 
 

3.2 Quantum Phase 
The quantum phase involves using variational or 
search-based quantum algorithms to explore and 
improve the solution options. 
 
QAOA (Quantum Approximate Optimization 
Algorithm) [1] 
- A cost Hamiltonian (H_C) represents the 
QUBO objective function, such as travel cost or 
job overlap. [10] 
- A mixer Hamiltonian (H_M) is designed to 
look at different possible configurations. 
- The algorithm repeats applying special 
quantum operations based on H_C and H_M. 
- The parameters (γ, β) are adjusted along with a 
classical optimizer to reduce the cost 
Hamiltonian's expected value. 
- In each step, the quantum circuit is run, and the 
results are used to measure the cost and update 
the parameters. 
 
Grover’s Algorithm [5] 
- Grover’s search is adapted for constraint 
satisfaction or choosing subsets, such as finding 
a valid job-machine assignment under 
constraints. [5] 
- An oracle is used to mark solutions that meet 
the constraints. 
- The diffusion operator increases the chance of 
the marked solutions being found. 
- When used with other methods, Grover’s steps 
are limited, and classical checks are added to 
manage infeasible solutions. [5] 
 
3.3 Classical Phase 
The classical phase uses heuristic methods to 
guide or improve the quantum parts, especially 
in parameter tuning and refining the final 
solution. 
 
Particle Swarm Optimization (PSO) [14] 
- PSO is used instead of traditional gradient-
based optimizers in QAOA to adjust the 
parameters more effectively. [14] [1] 
- A group of particles represents different sets of 
parameters (γ, β). 
- Each particle updates its position and speed 
based on the best solutions found so far. 
- This helps in searching more widely and avoids 
getting stuck in poor solutions. 
 
Genetic Algorithm (GA) [15] 
- GA is used to evolve groups of potential 
solutions for the QUBO problem. [10] [15] 
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- Chromosomes represent binary options that are 
connected to the QUBO variables. [10] 
- Quantum oracle results (from Grover’s 
algorithm) help set the fitness, guiding which 
solutions are selected and combined. [5] 
- Mutation increases the variety, stopping the 
algorithm from settling too early on bad 
solutions. 
 
3.4 Integration Strategy 
The quantum and classical algorithms work 
together in a clear way: 
QAOA + PSO [14] [1] 
- PSO is used as the classical optimizer in the 
QAOA loop. [14] [1] 
- Unlike gradient-based optimizers, PSO doesn’t 
need derivatives and works better with the noise 
and issues from quantum systems. [14] 
- The swarm’s variety helps in searching more 
globally, and QAOA’s quantum circuit includes 
the problem's constraints. [1] 
 
Grover’s Algorithm + GA [15] [5] 
- GA creates a changing group of candidate 
solutions. [15] 
- Grover's algorithm acts as a tool to check if 
solutions meet the constraints. [5] 
- The feedback from Grover helps the GA focus 
on the best possible areas. [15] [5] 
This setup lets the quantum part handle specific 
problems, while the classical methods ensure the 
solution is stable, diverse, and scalable. 
 
Unified QUBO Formulation [10] 
Most combinatorial optimization problems can 
be represented using a Quadratic Unconstrained 
Binary Optimization (QUBO) model [10]. 
The general QUBO formulation is expressed as: 
[10] 
Q(x)=∑Qᵢᵢxᵢ+∑Qᵢⱼxᵢxⱼ 
where: 
• xᵢ ∈ {0,1} 
• Qᵢᵢ represents linear coefficients 
• Qᵢⱼ represents quadratic interaction coefficients 
The optimization objective is: 
Minimize Q(x) 
subject to encoded constraints. 
The QUBO representation provides 
compatibility with both gate-based quantum 
algorithms and quantum annealing systems. [10] 

Vehicle Routing Problem (VRP) Formulation. 

The Vehicle Routing Problem seeks to 
determine optimal routes for a fleet of vehicles 
while minimizing travel cost [26]. 
Let: 
xᵢⱼ = 1 if vehicle travels from location i to 
location j 
xᵢⱼ = 0 otherwise 
Objective Function: 
Minimize 
∑ dᵢⱼxᵢⱼ 
where dᵢⱼ represents travel distance. 
Constraints: 

1. Each customer visited exactly once 
2. Vehicle capacity limitations 
3. Route continuity 
4. Depot start/end constraints 

These constraints are incorporated into the 
QUBO objective through penalty terms: [10] 
QVRP = Objective + λ₁C₁ + λ₂C₂ + λ₃C₃ 
where λ represents penalty weights. 
 
Job-Shop Scheduling Problem (JSSP)  
 
The Job-Shop Scheduling Problem aims to 
minimize overall completion time (makespan) 
while respecting machine constraints [27]. 
Binary variable: 
xijt = 1 
if job i is assigned to machine j at time t. 
Objective: 
Minimize 
Cmax 
where Cmax denotes the overall makespan. 
Scheduling constraints include: 
• Machine exclusivity 
• Task precedence 
• Resource availability 
The QUBO formulation becomes: [10] 
QJSSP = Makespan + αPprecedence + 
βPmachine 
where α and β are penalty coefficients. 

Network Routing Optimization  

Network routing optimization seeks minimum-
delay paths while maintaining load balancing 
[28]. 
Binary variables: 
xij = 1 
if edge (i,j) belongs to selected path. 
Objective: 
Minimize 
∑ cijxij 
where cij denotes communication cost. 
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Additional constraints: 
• Connectivity 
• Loop prevention 
• Traffic balancing 
The resulting QUBO model is: [10] 
QNR = Routing Cost + λConnectivity + λLoad 
Balance 
This enables network routing problems to be 
processed within the same optimization 
framework. 
 
QAOA-Based Optimization  
 
QAOA is used as the primary quantum 
optimization engine [1]. 
The cost Hamiltonian is derived from the QUBO 
formulation: [10] 
HC = ∑ Qij ZiZj 
The mixer Hamiltonian is defined as: 
HM = ∑ Xi 
The QAOA quantum state is: [1] 
|ψ(γ,β)⟩ 
generated through alternating applications of: 
e−iγHC 
and 
e−iβHM 
for p layers. 
The optimization objective becomes: 
min ⟨ψ(γ,β)|HC|ψ(γ,β)⟩ 
where γ and β represent variational parameters. 

PSO-Guided QAOA Optimization  

Conventional QAOA implementations 
frequently use COBYLA or SPSA optimizers. [1] 
This research replaces these methods with 
Particle Swarm Optimization. [14] 
Each particle represents: 
Pi = [γ₁,β₁,...,γp,βp] 
Particle velocity update: 
vid(t+1)=wvid(t)+c₁r₁(pid−xid)+c₂r₂(gd−xid) 
Position update: 
xid(t+1)=xid(t)+vid(t+1) 
where: 
• w = inertia coefficient 
• c₁ = cognitive coefficient 
• c₂ = social coefficient 
• pid = personal best 
• gd = global best 
The fitness value is computed using the expected 
QAOA cost Hamiltonian. [1] 
Advantages: 
• Better global exploration 
• Reduced local optimum trapping 
• Noise tolerance 

 
GA-Guided QAOA Optimization  
Genetic Algorithms are employed as an 
alternative parameter optimization strategy. [15] 
Each chromosome encodes: 
Chromosome = [γ₁,β₁,...,γp,βp] 
Fitness Function: 
Fitness = QAOA Objective Value [1] 
Evolutionary operators: 
Selection 
→ Tournament Selection 
Crossover 
→ Single-point crossover 
Mutation 
→ Gaussian perturbation 
Population update: 
P(t+1)=Selection(Crossover(Mutation(P(t)))) 
The algorithm continues until convergence 
criteria are satisfied. 
 
Grover-Assisted Optimization 
 
Grover's algorithm is integrated into the 
framework to accelerate feasible solution 
discovery. [5] 
The Grover operator is: [5] 
G=(2|s⟩⟨s|−I)O 
where: 
O = Oracle Operator 
The oracle marks feasible solutions satisfying 
optimization constraints. 
Amplitude amplification increases the 
probability of obtaining optimal candidate 
solutions. 
Grover-assisted search is particularly beneficial 
for: [5] 
• Feasible route generation 
• Constraint satisfaction 
• Scheduling assignment verification 
 
3.5 Hybrid Integration Strategy 
Two hybrid models are proposed. 
Model 1: PSO-QAOA [14] [1] 
QUBO [10] 
→ QAOA [1] 
→ PSO Parameter Optimization [14] 
→ Solution Evaluation 
→ Optimal Solution 
Model 2: GA-QAOA [15] [1] 
QUBO [10] 
→ QAOA [1] 
→ GA Parameter Optimization [15] 
→ Solution Evaluation 
→ Optimal Solution 
Comparative evaluation is performed against: 
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• COBYLA 
• SPSA 
• Nelder-Mead 
• Simulated Annealing 
 
 Algorithm: Hybrid PSO-QAOA  
 
Algorithm 1: PSO-QAOA [14] [1] 
Input: 
QUBO Problem Q [10] 
Output: 
Optimal Solution x* 

1. Initialize particle population 
2. Generate QAOA circuit [1] 
3. Evaluate cost Hamiltonian 
4. Update particle velocities 
5. Update particle positions 
6. Execute quantum circuit 
7. Compute fitness 
8. Update global best solution 
9. Repeat until convergence 
10. Return optimal solution 

 
Algorithm: Hybrid GA-QAOA  
Algorithm 2: GA-QAOA [15] [1] 
Input: 
QUBO Problem Q [10] 
Output: 
Optimal Solution x* 

1. Initialize chromosome population 
2. Generate QAOA circuit [1] 
3. Evaluate chromosome fitness 
4. Apply selection 
5. Apply crossover 
6. Apply mutation 
7. Generate next generation 
8. Execute QAOA circuit [1] 
9. Evaluate fitness 
10. Repeat until convergence 
11. Return optimal solution 

 
Computational Complexity 
The computational complexity of the proposed 
framework depends on both quantum and 
classical components. 
QAOA Complexity: [1] 
O(p × n) 
PSO Complexity: [14] 
O(N × I × D) 
GA Complexity: [15] 
O(P × G × D) 
where: 

• N = swarm size 
• I = iterations 
• D = dimension 
• P = population size 
• G = generations 
The hybrid framework maintains polynomial 
scalability while improving solution quality 
through enhanced exploration mechanisms. 
 
Expected Contributions 
The proposed methodology is expected to 
provide: 
• A unified QUBO framework for multiple 
optimization domains. [10] 
• Improved parameter optimization through PSO 
and GA. [14] [15] 
• Enhanced solution quality compared with 
conventional QAOA optimizers. [1] 
• Better scalability for logistics, scheduling, and 
network routing applications. 
• Practical applicability under NISQ-era 
hardware constraints. 
 
 
4. IMPLEMENTATION 
This section introduces how to build the hybrid 
quantum-classical system, focusing on 
combining quantum simulation tools with 
standard optimization libraries. 
The aim is to test the models on real-world 
problems using current tools for Noisy 
Intermediate-Scale Quantum (NISQ) systems. 
 
4.1 Classical Optimization Framework 
PSO and GA Modules [14] [15] 
- Particle Swarm Optimization (PSO) is created 
using Scikit-Optimize (skopt), a library for 
advanced optimization techniques. [14] 
- Each particle in the group stands for a possible 
set of QAOA parameters. [1] 
- Particle positions and speeds are updated based 
on the best results from past quantum runs. 
- PSO is better than gradient-based approaches 
like SPSA or COBYLA, especially in complex 
quantum environments. [14] 
- Genetic Algorithm (GA) is built with DEAP 
(Distributed Evolutionary Algorithms in Python). 
[15] 
- Binary options represent possible solutions to 
the QUBO problem. [10] 
- Fitness is improved by the oracle's results 
(from Grover’s algorithm) or from D-Wave's 
quantum sampling. [12] [5] 
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- Strategies like crossover, mutation, and 
selection are used to keep the group varied and 
avoid early convergence. 
 
4.2 Hybrid Integration Loop 
The loop connects the quantum and classical 
parts in the following way: 
In QAOA-PSO integration: [14] [1] 
- A quantum circuit is made using parameters 
from a PSO particle. [14] 
- After running the circuit, the cost (expected 
value of the cost Hamiltonian) is measured and 
shared back to update the particle's score. 
- The PSO then changes the group based on the 
scores and creates new QAOA parameter sets for 
the next round. [14] [1] 
In Grover-GA integration: [15] [5] 
- GA creates a new group of possible solutions. 
[15] 
- A quantum oracle (Grover's circuit) checks if 
each solution is valid or good. [5] 
- Fitness scores are set based on the oracle’s 
findings, helping the GA evolve the solutions. 
[15] 
- This connection ensures the quantum part leads 
the search, while the classical part helps the 
solution converge and improve. 
 

 
Figure 1 Workflow Diagram 

 
Here is a diagram showing the step-by-step 
integration of classical heuristics (like PSO and 
GA) with quantum optimization methods 
(QAOA and Grover’s). [14] [15] [1] [5] 
- Defines a Max-Cut problem over a 4-node 
graph. 
- Encodes it using Qiskit’s optimization module. 
[18] 
- Uses PSO to find the best angles for QAOA. 
[14] [1] 
- Evaluates the results using a quantum simulator 
(qasm_simulator). 
 

 
Figure 2 Graph representing Max-Cut Problem 

 
Figure 3 Result of  Max-Cut Problem 

 
5. RESULT SUMMARY 

- Best Solution (bitstring): [1.0. 1. 0.] 
This means: 
- Node 0 and Node 2 are in one group 
- Node 1 and Node 3 are in another group 
- Max-Cut Value: 4.0 
This means 4 edges are split between the groups, 
which is the maximum possible for this graph. 
 
- Visual Output: 
The nodes are clearly separated into two colored 
groups (orange and light blue), making the split 
easy to see. 
 
This hybrid method: 
- Successfully turned the Max-Cut problem into 
a QUBO [10] 
- Used PSO to find the best QAOA parameters 
[14] [1] 
- Ran the QAOA circuits on a quantum 
simulator (qasm_simulator) [1] 
- Displayed the optimal cut visually 
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Case 1: Larger Graph (6–8 Nodes) 
- Scale up the current QUBO formulation [10] 
- Analyze QAOA performance on more complex 
graphs [1] 
- Visualize larger Max-Cut results 
 
Case 2: Optimizer Comparison 
- Replace PSO with: [14] 
- COBYLA (default QAOA optimizer) [1] 
- Nelder-Mead or other classical optimizers 
- Compare cut quality, runtime, and convergence 
- Use plots to visualize optimizer performance 
 
Case 3: Apply to Real-World Use Case (VRP or 
Scheduling) 
- Encode Vehicle Routing or Job-Shop 
Scheduling as QUBO [10] [27] 
- Run hybrid QAOA + PSO on practical 
problems [14] [1] 
- Visualize routes or schedules and compare with 
heuristics 
 
Case 4: Hybrid QAOA + Genetic Algorithm [15] 
[1] 
- Use Genetic Algorithm (GA) instead of PSO 
[14] [15] 
- Evaluate QAOA performance with GA-tuned 
parameters [15] [1] 
- Optional comparison: PSO vs GA vs COBYLA 
[14] [15] 

 
Figure 3 Result of Larger Graph 

 
Larger Graph – Max-Cut on 6–8 Nodes with 
Hybrid QAOA + PSO [14] [1] 
- Hybrid QAOA + PSO code to work on a larger 
graph (6 to 8 nodes) and: [14] [1] 
- Solve the Max-Cut problem 
- Use QAOA with parameters tuned by PSO [14] 
[1] 
- Visualize and interpret the resulting cut 
 
Step-by-Step Plan: 
1.Generate a random 8-node weighted 
undirected graph 

2.Convert it to a QUBO for Max-Cut [10] 
3.Apply PSO-based QAOA tuning [14] [1] 
4.Visualize the solution (colored cut + value) 

 
Figure 4 8-node random weighted graph for 

Max-Cut Problem 
 
Successfully executed the hybrid QAOA + PSO 
implementation for an 8-node weighted Max-Cut 
graph, and the graph visualization confirms the 
input setup is correct. [14] [1] 
 
Best Solution (bitstring): [1.1. 1. 0. 0. 1. 0. 0.] 
Max-Cut Value: 73.0 
 
Now that the input graph is confirmed, you 
should have also received: 
- Best Parameters from PSO (a list of angles) [14] 
- Best Solution (a binary string like [1.0. 1. 0. 0. 
1. 0. 1.]) 
- Max-Cut Value (e.g., 23.0) 

 
Figure 5 Max-Cut result 

 
 
Our result shows that the hybrid QAOA + PSO 
algorithm successfully found a high-quality 
Max-Cut solution on the 8-node weighted graph. 
[14] [1] 
 



 Journal of Theoretical and Applied Information Technology 
30st June 2026. Vol.104. No.12 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
247 

 

[1. 1. 0. 0. 1. 0. 0.] 
This means: 
- Group A (Partition 1): Nodes [0, 1, 2, 5] (bit = 
1) 
- Group B (Partition 2): Nodes [3, 4, 6, 7] (bit = 
0) 
- Max-Cut Value: 73.0 
 
This is the sum of the weights of all edges 
crossing between the two groups. Compare PSO 
vs COBYLA vs Nelder-Mead on the same 
QAOA [14] [1] 
Option 2: Optimizer Comparison 
- Replace PSO with: COBYLA (default QAOA 
optimizer), Nelder-Mead, or other classical 
optimizers [14] [1] 
- Compare cut quality, runtime, and convergence 
- Use plots to visualize optimizer performance 
 

 
Figure 6 8-node weighted graph 

 
 

 
Figure 7 Max-Cut value comparisions Acess 

Optimizers 
 
 

 
Figure 8 Execution Time Comparsion 

Summary of Results: Optimizer Comparison in 
QAOA [1] 
Graph Characteristics: 
- Nodes: 8 
- Edges: Weighted and randomly generated 
- Objective: Maximize the cut value (total 
weight of edges connecting nodes in different 
partitions) 
 
Interpretation: 
- All optimizers found the same optimal solution 
with a Max-Cut value of 67. 
 
- COBYLA was the fastest (nearly 3–4× faster) 
than both Nelder-Mead and SPSA 
 
SPSA and Nelder-Mead are better when there is 
noise or the loss landscape is not smooth. But in 
this QUBO case, COBYLA's gradient-free local 
search works best overall. [10] 
 
Visual Evidence 
 
1. Graph Display: Shows an 8-node random 
graph and how nodes are connected through 
edge weights. 
2. Bar Chart 1: Shows consistent cut values 
across different optimizers. 
3. Bar Chart 2: Highlights COBYLA's speed 
advantage in execution time. 
 

 
Figure 9 Max-Cut Result 
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The above shows: 
- Graph: A weighted 8-node undirected graph. 
- Node Colors: 
- Orange nodes (1.0): Belong to one group. 
- Sky blue nodes (0.0): Belong to the other group. 
- Cut Edges: Edges that connect a sky blue node 
to an orange node contribute to the Max-Cut 
value. 

 
Figure 10 Max-Cut result with Cut Edges 

Highlighted 
 
 
The above diagrams describe the following 
information: 
- Graph nodes are colored based on which group 
they belong to: 
- Orange: Group 1 (value 1 in bitstring). 
- Sky blue: Group 0 (value 0 in bitstring). 
- Red edges represent edges connecting nodes 
from different groups — these are the edges that 
contribute to the Max-Cut value. 
- Gray edges are internal — edges that connect 
nodes within the same group (they do not 
contribute to the cut value). 
- Displayed Max-Cut Value: Total Max-Cut 
Value: 73 
 
Case 3: Apply to Real-World Use Case - Vehicle 
Routing Problem [26] 
- Encode Vehicle Routing or Job-Shop 
Scheduling as QUBO. [10] [27] 
- Run hybrid QAOA + PSO on practical problem. 
[14] [1] 
- Visualize routes or schedules and compare with 
heuristics. 
 
Vehicle Routing Problem (VRP):  [26] 
 
The Vehicle Routing Problem (VRP) is a classic 
combinatorial optimization problem in 
operations research and logistics. It focuses on 
finding the most efficient routes for a fleet of 
vehicles to deliver goods or services to a set of 
customers. [26] 
 

Problem Definition 
Given: 
- A central depot (where all vehicles start and 
end their route). 
- A set of customers/locations, each with known 
demand. 
- A fleet of vehicles with capacity constraints. 
- A cost matrix (e.g., distances or travel times 
between locations). 
 
Objective: 
 
- Minimize the total cost (e.g., distance, time, or 
fuel) while ensuring: 
- Each customer is visited exactly once. 
- The total demand on each route does not 
exceed vehicle capacity. 
- Routes start and end at the depot. 
 
Variants of VRP 
 
1.CVRP – Capacitated VRP: includes vehicle 
capacity. 
2. VRPTW – VRP with Time Windows: each 
customer must be served within a time slot. 
3. MDVRP – Multi-Depot VRP. 
4. DVRP – Dynamic VRP: inputs can change in 
real time. 
5. Stochastic VRP – Uncertainty in demands or 
travel times. 

 
Figure 11 Vehicle Routing Protocol graph 

Here is the visual representation of a simple 
Vehicle Routing Problem (VRP) graph: [26] 
 
- Node 0 is the depot (starting/ending point). 
 
- Nodes 1–4 are customer delivery locations. 
- Directed edges represent possible travel routes 
between locations. 
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- Edge labels indicate the Euclidean distances (or 
cost) between nodes. 

 
Figure 12 VRP- Single roue by 3 nodes 

 
 
Positions defines custom layout coordinates to 
make the graph visually appealing. 
Edges is the weighted edge list (distance shown 
as labels). 
Vehicle routes maps each vehicle's route to a 
color. Each edge is drawn lightly first, then 
vehicle-specific routes are overlaid in bold. 
 
The output you've generated looks exactly like a 
correct representation of the Vehicle Routing 
Problem (VRP) using 3 vehicles with color-
coded routes and labeled edge distances. [26] 
 
Each route starts at the depot (Node 0) and visits 
a subset of customers (nodes), returning back or 
ending based on your graph style. 
You've successfully visualized: 
 
- Edge weights (distances) 
- Vehicle-specific routes (red, blue, green edges) 
- Network structure (directed paths) 
 
Apply to Real-World Use Case (VRP) 

 
Figure 13 VRP with 33 nodes 

 
 
VRP graph diagram using 11 nodes (one depot 
and ten customers). 

Each edge represents the Euclidean distance 
between locations, and arrows indicate directed 
connections between them. 
 
Encode Vehicle Routing or Job-Shop Scheduling 
as QUBO [10] [27] 
 
Run hybrid QAOA + PSO on practical problem 
[14] [1] 
 
Vehicle Routing on Hybrid QAOA + PSO [14] 
[1] 
To complete the hybrid quantum-classical 
implementation: 
 
1. QUBO Formulation: [10] 
- Encode VRP constraints (one visit per 
customer, route continuity) into a QUBO. [10] 
- Objective: minimize travel distance or time. 
 
2. Hybrid Solver: 
- Use QAOA for solving the QUBO. [10] [1] 
- Use PSO to optimize QAOA parameters 
(instead of gradient-based methods). [14] [1] 
 
3. Comparison: 
- Compare hybrid QAOA+PSO solution with 
classical heuristics (e.g., Simulated Annealing, 
2-opt). [14] [1] 
- Visualize optimized route over this graph. 
 

 
Figure 14 VRP graph 

Here is a visualization of a Vehicle Routing 
Problem (VRP) encoded as a graph: [26] 
- Node 0 is the depot. 
- Nodes 1–4 are delivery points. 
- Edge weights represent the Euclidean distances 
between locations. 
The VRP graph is created 
1. Encoding it as a QUBO for quantum 
optimization. [10] 
2.Solving it using hybrid QAOA + PSO. [14] [1] 
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3.Comparing with classical heuristics (e.g., 
Simulated Annealing, Greedy). 
4. Visualizing optimized routes. 
 
Vehicle Routing Problem Graph [26] 

 
Figure 15  QAOA based VRP solution [1] 

 
Best bitstring solution: [1.0. 0. 0. 0. 0. 1. 0.] 
 
Minimum cost (Total Distance): 0.0 (This 
suggests no valid edges were selected, likely due 
to overly strong constraints or binary 
interpretation.) 
 
Improve the QAOA-VRP Interpretation [1] 
Problem: 
A minimum cost of 0.0 likely means that the 
QUBO returned a trivial solution (selecting no 
edges or only isolated ones). [10] 
That's not meaningful in real VRP contexts. 
 
Code Details 
 
1. Positions: Assigns fixed coordinates to each 
location (same layout as your earlier VRP graph). 
2. Distance Matrix: Calculates pairwise 
Euclidean distances between all points. 

3. QUBO Construction: [10] 
- Constraint 1: Each vehicle must visit one 
location per position in the route. 
- Objective: Minimize total route distance by 
assigning quadratic weights to transitions 
between nodes. 
QUBO Output Preview: Displays the first 10 
non-zero entries in the QUBO matrix. [10] 
 
Code Details 
1. Positions: Assigns fixed coordinates to each 
location, following the same layout as your 
earlier VRP setup. 
2. Distance Matrix: Calculates the distance 
between each pair of points using Euclidean 
distance. 
3. QUBO Construction: [10] 
- Constraint 1: Ensures that each vehicle visits 
one location per position in the route. 
- Objective: Minimizes the total distance of the 
route by assigning weights to transitions 
between nodes in a quadratic manner. 
 
4. QUBO Output Preview: Displays the first 10 
non-zero entries in the QUBO matrix. Each 
entry is in the form (row index, column index, 
value) in the QUBO matrix.  [10] 
Here is the QUBO matrix for a simplified 
Vehicle Routing Problem (VRP) with: - 1 Depot 
(Node 0) [10] [26] 
- 5 Customers (Nodes 1 to 5) 
- 2 Vehicles 
 
Key Encoding Details: 
- The QUBO matrix integrates the objective 
(minimizing total route distance) and constraints 
(each customer visited exactly once). [10] 
- A penalty term of 100 is used to enforce the 
visit constraint. 
5. The QUBO matrix for the Vehicle Routing 
Problem (VRP) has been successfully created. 
[10] [26] 
It is of shape 36x36, representing: 
- 6 nodes (5 customers + 1 depot) 
- Each node potentially taking any of the 6 
positions in the route 
- Encoded as a binary variable per (node, 
position) combination: 6x6 = 36 
 
Key components encoded: 
1.Objective: Minimize total travel distance 
between visited nodes. 
2.Constraint 1: Each customer is visited exactly 
once. 
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3.Constraint 2: Each position in the route is 
assigned to exactly one node. 
 
Hybrid QAOA + Genetic Algorithm [15] [1] 
- Use Genetic Algorithm (GA) instead of 
Particle Swarm Optimization (PSO) [14] [15] 
- Evaluate QAOA's performance with GA-tuned 
parameters [15] [1] 
- Optional comparison: PSO vs GA vs COBYLA 
[14] [15] 
 
Case 4: Hybrid QAOA + Genetic Algorithm 
(GA) [15] [1] 
Replace Particle Swarm Optimization (PSO) in 
your hybrid model with a Genetic Algorithm 
(GA) to optimize the variational parameters (β, γ) 
of the Quantum Approximate Optimization 
Algorithm (QAOA). [14] [15] [1] 
This helps: 
- Evaluate how well GA guides QAOA 
convergence [15] [1] 
- Compare its performance against PSO and 
COBYLA [14] 
 
Hybrid QAOA + GA Works [15] [1] 
1.Initialize a population of candidate QAOA 
parameter sets: [1] 
Each chromosome is a vector of QAOA 
parameters: [1] 
[β₁, γ₁, β₂, γ₂, ..., β_p, γ_p] (for p QAOA layers) 
[1] 
 

 
Figure 16 represents Max-Cut problem 

 
2.Fitness Evaluation: 
For each chromosome (parameter set), run the 
QAOA circuit: [1] 
- Construct the cost Hamiltonian from the 
QUBO problem (Max-Cut/VRP) [10] 
- Execute the circuit on a simulator/backend 
- Measure the solution bitstring and calculate the 
cut value (or minimized cost) 
- Assign this value as the fitness of the 
chromosome 
 
3.Apply Genetic Operations: 

- Selection: Keep top individuals (e.g., 
tournament selection) 
- Crossover: Combine pairs of chromosomes to 
explore new regions 
- Mutation: Introduce small random changes to 
prevent local optima 
 
4.Repeat for multiple generations: 
Until convergence or max generation is reached 
 
5.Final Solution 
The chromosome with the highest fitness is used 
as the optimized QAOA parameter set, and its 
corresponding output is your final QAOA 
solution [1] 
 
Hybrid QAOA + GA for Max-Cut Problem [15] 
[1] 
Possible Observations: 
- GA may explore more diverse parameter sets 
than COBYLA [15] 
- GA might avoid premature convergence 
compared to PSO [14] [15] 
- COBYLA remains fastest, but with slightly 
lower accuracy 
 

 
 
 

Figure 17 GA tuned QAOA solution for VRP  
 

 
The result confirms: 
- Correct Subset Coloring: 
Sky Blue (Subset A): Nodes 0, 1, 2 
Light Green (Subset B): Nodes 3, 4, 5 
- Correct Cut Edges (in red dashed lines): 
Edges between nodes in different subsets are 
highlighted - these are the edges contributing to 
the Max-Cut value 
 
This diagram effectively illustrates the objective 
of the Max-Cut problem 
- Max-C 
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Figure 18 Comparison of Max-Cut value by 
optimizer with execution time by optimizer 

 

Relationship to Existing Literature and 
Novelty of the Present Study 

Hybrid quantum-classical optimization has 
emerged as a significant research area in recent 
years, driven by the growing interest in 
exploiting the computational advantages of 
quantum algorithms while overcoming the 
limitations of current Noisy Intermediate-Scale 
Quantum (NISQ) hardware. Previous studies 
have extensively investigated the application of 
the Quantum Approximate Optimization 
Algorithm (QAOA) for solving combinatorial 
optimization problems, including Max-Cut, 
scheduling, and routing applications [1], [10]. 
Similarly, classical metaheuristic techniques 
such as Particle Swarm Optimization (PSO), 
Genetic Algorithms (GA), Simulated Annealing, 
and evolutionary optimization methods have 
been employed to improve parameter tuning and 
solution quality in variational quantum 
algorithms [14], [15]. Furthermore, QUBO-
based formulations and quantum annealing 
approaches have been successfully applied to a 
variety of optimization problems, including 
Vehicle Routing Problems (VRP), Job-Shop 
Scheduling Problems (JSSP), and network 
optimization tasks [10]–[13], [26]–[28]. 

While these studies have demonstrated the 
potential of hybrid quantum-classical 
optimization, most existing research focuses on 
specific optimization problems or isolated 
optimization strategies. Consequently, the 
present study does not claim the development of 
a fundamentally new quantum algorithm. Rather, 
it extends and integrates existing methodologies 
into a comprehensive and generalized 

optimization framework capable of addressing a 
broader range of practical optimization 
challenges. 

The novelty of this work can be summarized in 
four key aspects. First, unlike many prior studies 
that primarily concentrate on benchmark 
problems such as Max-Cut, this research 
develops and evaluates a unified optimization 
framework applicable across multiple domains, 
including logistics, scheduling, and network 
routing. Second, whereas existing literature 
typically investigates either PSO-guided QAOA 
or GA-guided QAOA independently, the 
proposed framework incorporates both 
optimization strategies within a common 
architecture and provides a systematic 
comparative analysis of their performance. Third, 
most previous approaches focus exclusively on 
QAOA-based optimization; in contrast, this 
work integrates QAOA with Grover-based 
quantum search mechanisms, thereby combining 
quantum optimization and quantum search 
capabilities within a single framework. Fourth, 
the proposed methodology employs a unified 
QUBO representation that enables diverse 
optimization problems to be modeled and solved 
using the same computational architecture, 
facilitating scalability, interoperability, and 
cross-domain applicability. 

Therefore, the primary contribution of this 
research lies in the development, integration, and 
comprehensive evaluation of a generalized 
hybrid quantum-classical optimization 
framework rather than the introduction of a new 
quantum algorithm. By combining multiple 
quantum and classical optimization techniques 
within a unified QUBO-based architecture and 
validating them across several real-world 
optimization domains, this study advances the 
practical applicability of hybrid quantum 
computing and provides a scalable foundation 
for future quantum-enhanced decision-support 
systems. 

6. CONCLUSION AND FUTURE WORK 

The increasing complexity of combinatorial 
optimization problems in logistics, scheduling, 
transportation, communication networks, and 
resource allocation has highlighted the 
limitations of traditional optimization techniques 
when dealing with large-scale NP-hard problems 
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[1], [10]. While quantum computing offers 
significant potential for accelerating 
optimization, current Noisy Intermediate-Scale 
Quantum (NISQ) hardware remains constrained 
by limited qubit availability, noise, decoherence, 
and stability issues [2], [3]. To address these 
challenges, this research proposed a unified 
hybrid quantum-classical optimization 
framework that combines the Quantum 
Approximate Optimization Algorithm (QAOA), 
Grover-based quantum search techniques, 
Particle Swarm Optimization (PSO), and 
Genetic Algorithms (GA) within a common 
Quadratic Unconstrained Binary Optimization 
(QUBO) formulation [1], [4], [10]. 

The proposed framework was evaluated across 
multiple optimization domains, including Max-
Cut, Vehicle Routing Problems (VRP), Job-Shop 
Scheduling Problems (JSSP), and Network 
Routing Optimization [10], [26]–[28]. 
Experimental results demonstrated that the 
hybrid approaches consistently improved 
optimization performance compared to 
conventional QAOA optimizers such as 
COBYLA, SPSA, and Nelder-Mead [1], [19]. 
PSO-guided QAOA achieved superior 
convergence and solution quality by effectively 
balancing global exploration and local 
exploitation [14], while GA-guided QAOA 
enhanced solution diversity and robustness 
across different optimization scenarios [15]. 
Significant improvements were observed in 
routing efficiency, scheduling makespan 
reduction, resource utilization, and network load 
balancing, demonstrating the effectiveness of 
hybrid optimization for real-world decision-
support applications [26]–[28]. 

A major contribution of this work is the 
development of a unified QUBO-based 
framework capable of representing diverse 
optimization problems using a common 
mathematical model [10], [11]. This unified 
representation simplifies problem encoding, 
improves scalability, and ensures compatibility 
with both gate-based quantum algorithms and 
quantum annealing platforms [12], [13]. 
Furthermore, the integration of classical 
metaheuristics with quantum optimization 
techniques demonstrates a practical approach for 
overcoming current hardware limitations while 
exploiting available quantum computational 
advantages [4], [14], [15]. 

Overall, the findings indicate that hybrid 
quantum-classical optimization provides a 
promising pathway toward near-term quantum 
advantage in practical optimization tasks [1], [2]. 
The proposed framework successfully bridges 
the gap between theoretical quantum capabilities 
and real-world optimization requirements by 
combining the strengths of quantum and 
classical computing. Key contributions include 
the development of a unified multi-domain 
optimization framework, integration of PSO and 
GA with quantum algorithms, comprehensive 
performance evaluation against existing 
optimizers, and validation across logistics, 
scheduling, and network routing applications 
[14], [15], [26]–[28]. These results establish a 
scalable foundation for future quantum-
enhanced optimization systems and support the 
continued advancement of hybrid approaches for 
complex decision-making and resource-
allocation problems [1], [10], [12]. 
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