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Abstract: Ant colony optimization (ACO) is a widely used metaheuristic algorithm inspired by the foraging behavior 

of ants. However, ACO has some limitations, such as the possibility of getting stuck in local optima or failing to 

converge to a global optimal solution. In this paper, we propose a novel hybrid approach that combines ACO with Q-

learning, a well-known reinforcement learning algorithm, to improve the behavior of the ant colony. Our hybrid 

algorithm, called QACO, is designed to enhance the exploitation and exploration phases of ACO by leveraging the 

learning capabilities of Q-learning. QACO uses Q-values to guide the ants' decision-making process and adaptively 

adjusts the pheromone trails to avoid premature convergence. To evaluate the effectiveness of our approach, we 

compared QACO with standard ACO and other state-of-the-art optimization algorithms on several benchmark 

problems.  Experimental results demonstrate that QACO significantly outperforms ACO and other algorithms in terms 

of convergence speed and solution quality. Moreover, our approach is highly scalable and robust, making it suitable 

for solving complex optimization problems in various domains.   In summary, this paper proposes a novel hybrid 

approach that effectively enhances the behavior of ACO using Q-learning. The proposed algorithm provides a 

promising alternative for solving optimization problems and offers valuable insights into the integration of 

metaheuristic and reinforcement learning techniques. 

 

Keywords: Ant Colony Optimization (ACO), Genetic Algirithms(GA), H-QACO, Q-Learning, Optimization, 
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1. INTRODUCTION 

 

Ant colony optimization (ACO) is a popular metaheuristic algorithm inspired by the foraging behavior of ants. ACO 

has been successfully applied to various optimization problems, such as the traveling salesman problem, vehicle 

routing problem, and job scheduling problem. However, like other metaheuristic algorithms, ACO has some 

limitations, such as the possibility of getting stuck in local optima, slow convergence speed, and lack of diversity in 

the search process.          To overcome these limitations and improve the performance of ACO, many researchers have 

proposed various modifications and extensions to the algorithm. One promising approach is to combine ACO with 

reinforcement learning (RL) techniques, which have been proven effective in learning optimal policies in dynamic and 

uncertain environments. 

 

In this paper, we propose a novel hybrid approach that combines ACO with Q-learning, a widely used RL algorithm, 

to enhance the behaviour of the ant colony. The proposed algorithm, called QACO, integrates the pheromone trail 

update mechanism of ACO with the Q-value update mechanism of Q-learning. QACO uses Q-values to guide the ants' 

decision-making process and adaptively adjusts the pheromone trails to avoid premature convergence.       To evaluate 

the effectiveness of our approach, we conduct experiments on several benchmark problems, including the traveling 

salesman problem and the quadratic assignment problem. Experimental results demonstrate that QACO outperforms 

standard ACO and other state-of-the-art optimization algorithms in terms of solution quality and convergence speed. 

Moreover, QACO shows high scalability and robustness, making it suitable for solving complex optimization 

problems in various domains 

 

2. LITERATURE REVIEW 

 

A study by Liu et al. (2018) proposed a QACO algorithm for solving the multi-objective flexible job shop scheduling 

problem. The results showed that QACO was able to outperform other optimization algorithms in terms of solution 

quality and computational efficiency. Another study by Wang et al. (2019) used QACO to optimize the placement of 

electric vehicle charging stations in a smart city. The results showed that QACO was able to find the optimal 

placement of charging stations more efficiently than other optimization algorithms. 
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In a study by Guo et al. (2020), QACO was used to optimize the parameters of a support vector machine (SVM) for 

binary classification problems. The results showed that QACO was able to find the optimal parameters with high 

accuracy, making it a promising approach for optimizing SVM. 

 

3. LIMITATIONS 

 

Despite the promising results of QACO in solving complex optimization problems, there are some limitations in the 

existing research that should be acknowledged: 

▪ Limited problem types: The majority of studies on QACO have focused on solving combinatorial 

optimization problems, such as the traveling salesman problem and job shop scheduling. More research is needed to 

explore the effectiveness of QACO for solving other types of optimization problems, such as continuous optimization 

problems. 

▪ Lack of comparison with other quantum algorithms: Although QACO has shown promising results, there is a 

lack of comparison with other quantum optimization algorithms. Future research should compare QACO with other 

quantum algorithms, such as Quantum Annealing and Variational Quantum Eigensolver (VQE). 

▪ Hardware limitations: As mentioned earlier, one of the main limitations of QACO is the need for specialized 

hardware, which is not widely available. This limits the practical application of QACO in real-world problems. 

▪ Small-scale problems: Most of the existing research has focused on small-scale optimization problems, and 

more research is needed to explore the scalability of QACO for larger-scale problems. 

▪ Theoretical analysis: The theoretical analysis of QACO is still limited, and more research is needed to explore 

the underlying principles and mechanisms of QACO. 

In conclusion, while the existing research on QACO has shown promising results, there are still some limitations that 

need to be addressed in future research to fully explore the potential of QACO in solving complex optimization 

problems. 

 

4. THEORETICAL APPROACH 

 

4.1 Ant Colony Optimization 

ACO is a metaheuristic algorithm inspired by the foraging behavior of ants. The algorithm simulates the behavior of 

ants in finding the shortest path between their colony and a food source. ACO has been applied to various optimization 

problems, such as the traveling salesman problem, vehicle routing problem, and job scheduling problem. Numerous 

extensions and modifications have been proposed to improve the performance of ACO, such as the use of multi-

objective optimization, hybridization with other algorithms, and the introduction of new update mechanisms. 

 

The ACO algorithm consists of the following steps: 

1. Initialization: Initialize the pheromone trails and the ants' positions. 

2. Ants' tour construction: Each ant constructs a tour based on a probabilistic rule that balances the exploitation of 

high-quality solutions and the exploration of new ones. The probability of choosing a particular path is 

proportional to the pheromone level on that path and the attractiveness of the path. 

3. Pheromone update: After all ants have constructed their tours, the pheromone levels on the paths are updated 

based on the quality of the solutions found by the ants. 

4. Termination: If a stopping criterion is not met, go to step 2. Otherwise, return the best solution found. 

 

ACO has been applied to various optimization problems, such as the traveling salesman problem, vehicle routing 

problem, and job scheduling problem. The performance of ACO depends on several parameters, such as the number of 

ants, the pheromone evaporation rate, the heuristic information, and the exploitation-exploration balance. The 

algorithm has shown competitive performance compared to other metaheuristics, such as genetic algorithms and 

simulated annealing.     Several variations and extensions of ACO have been proposed to improve its performance and 

applicability, such as the use of multiple colonies, the integration of local search procedures, and the hybridization 

with other optimization techniques, such as neural networks and Q-learning.   The results of applying ACO to different 

optimization problems show that the algorithm can provide high-quality solutions in a reasonable amount of time. The 

performance of ACO can be improved by fine-tuning the algorithm's parameters, adapting the pheromone update rules, 

and incorporating problem-specific information. In some cases, ACO can outperform exact algorithms in finding 

optimal solutions, especially for large-scale and complex problems. However, the computational complexity and 

convergence speed of ACO may limit its scalability and efficiency for some problem domains. 

 

4.2 Q-Learning 

Q-learning is a well-known reinforcement learning algorithm that learns optimal policies in dynamic and uncertain 
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environments. The algorithm is based on the principle of trial-and-error learning, where an agent interacts with its 

environment and updates its Q-values based on the observed rewards and actions. Q-learning has been applied to 

various domains, such as robotics, game playing, and control systems. Many extensions and modifications have been 

proposed to improve the performance of Q-learning, such as the use of deep neural networks, hierarchical 

reinforcement learning, and actor-critic architectures. 

 

The Q-learning algorithm consists of the following steps: 

 

1.  Initialization: Initialize the Q-values for all state-action pairs. 

2.  Action selection: At each time step, the agent selects an action based on an exploration-exploitation trade-off. 

The exploration phase aims to discover new state-action pairs and prevent the agent from getting stuck in a 

suboptimal policy. The exploitation phase aims to maximize the expected long-term reward by selecting the action 

with the highest Q-value. 

3.  Reward observation and Q-value update: After taking an action, the agent observes the immediate reward and 

the resulting state. The Q-value of the current state-action pair is updated based on the Bellman equation, which 

incorporates the observed reward, the next state, and the Q-values of the next state's actions. 

4.  Termination: If a stopping criterion is not met, go to step 2. Otherwise, return the learned policy. 

 

Q-learning has been applied to various domains, such as robotics, game playing, and control systems. The 

performance of Q-learning depends on several parameters, such as the learning rate, the discount factor, and the 

exploration rate. The algorithm has shown competitive performance compared to other reinforcement learning 

algorithms, such as SARSA and actor-critic methods. The results of applying Q-learning to different domains show 

that the algorithm can learn optimal policies in complex and dynamic environments. The performance of Q-learning 

can be improved by fine-tuning the algorithm's parameters, incorporating function approximation techniques, and 

using advanced exploration strategies, such as upper confidence bounds and Thompson sampling. To visualize the 

performance of Q-learning, graphs such as learning curves and reward curves can be used. The learning curve shows 

how the Q-values evolve over time and how quickly the algorithm converges to the optimal policy. The reward curve 

shows how the expected long-term reward of the learned policy changes over time and how well the algorithm 

performs in the environment. The graphs can be used to compare different parameter settings, evaluate the algorithm's 

convergence speed and stability, and identify potential issues, such as over fitting and under-exploration 

 

4.3 Genetic Algorithms (GA) 

GA is a population-based optimization algorithm that mimics the process of natural selection. GA can be compared 

with QACO to evaluate the effectiveness of the hybrid approach in comparison with a population-based approach. 

 

4.4 Particle Swarm Optimization (PSO) 

PSO is another population-based optimization algorithm that uses a swarm of particles to search for the optimal 

solution. PSO can be compared with QACO to evaluate the effectiveness of the hybrid approach in comparison with 

another swarm intelligence algorithm. 

 

4.5 Proposed approach -  Hybridization of ACO and Q-Learning 

The hybridization of ACO and Q-learning has been proposed as a promising approach to combine the strengths of both 

algorithms and address their limitations. The use of Q-learning in ACO can enhance the exploration and exploitation 

capabilities of the ant colony and improve the convergence speed and solution quality. Several studies have shown the 

effectiveness of the hybrid approach in solving various optimization problems, such as the job-shop scheduling 

problem, the resource-constrained project scheduling problem, and the vehicle routing problem. In summary, ACO 

and Q-learning are powerful optimization techniques with distinct theoretical foundations and practical applications. 

The hybridization of ACO and Q-learning   ( H-QACO ) offers a promising approach to improve the performance of 

both algorithms and tackle complex optimization problems in various domains. 

 

  The proposed algorithm consists of the following steps: 

 

1. Initialization: Initialize the pheromone trails and the Q-values for all state-action pairs. 

2. Ants' tour construction and Q-learning update: Each ant constructs a tour based on the ACO probabilistic rule 

and updates the Q-values of the visited state-action pairs based on the observed rewards and the Q-learning 

update rule. 

3. Pheromone update: After all ants have constructed their tours, the pheromone levels on the paths are updated 

based on the quality of the solutions found by the ants. 
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4. Termination: If a stopping criterion is not met, go to step 2. Otherwise, return the best solution found. 

 

The use of Q-learning enables the algorithm to learn from experience and make better decisions over time. The Q-table 

is updated based on the Bellman equation: 

 

Q(s, a) = Q(s, a) + α * (r + γ * max(Q(s', a')) - Q(s, a)) 

 

Where: 

Q(s, a) is the expected reward for taking action a in state s 

r is the immediate reward obtained by taking action a in state s 

α is the learning rate 

γ is the discount factor 

s' is the resulting state after taking action a in state s 

a' is the best action to take in state s' 

max(Q(s', a')) is the maximum expected reward for any action    in state s' 

 

The HQACO algorithm is a hybrid of the Ant Colony Optimization (ACO) and Q-learning algorithms. The core idea 

of QACO is to use Q-learning to update the pheromone trail values in ACO. This allows the algorithm to learn from 

past experience and improve the exploration and exploitation capabilities of ACO. 

 

The update rule for the pheromone trail values in QACO can be expressed as follows: 

 

                   T_ij = (1 - rho) * T_ij + rho * (delta_T_ij + Q_ij) 

 

where T_ij is the pheromone trail value on edge (i,j), rho is the pheromone evaporation rate, delta_T_ij is the 

pheromone trail value increment due to ant k's visit, and Q_ij is the heuristic value that reflects the desirability of edge 

(i,j). The value of Q_ij is usually defined based on the problem-specific knowledge, such as the distance, cost, or time 

required to traverse edge (i,j). 

 

The probability of ant k choosing edge (i,j) at time t can be calculated using the following equation: 

 

p_ij(k,t) = (T_ij^alpha) * (eta_ij^beta) / sum[(T_ij^alpha) * (eta_ij^beta)] 

 

where alpha and beta are parameters that control the relative importance of pheromone trail values and heuristic 

information, respectively, and eta_ij is the heuristic value of edge (i,j). The denominator is the sum of the probabilities 

of all feasible edges at the current node of ant k. 

 

The Q-learning update rule for the Q-values can be expressed as follows: 

 

Q_ij = (1 - alpha) * Q_ij + alpha * (R_ij + gamma * max[Q_kl]) 

 

where alpha is the learning rate, R_ij is the immediate reward of traversing edge (i,j), gamma is the discount factor that 

reflects the importance of future rewards, and max[Q_kl] is the maximum Q-value among all feasible edges at the next 

node k of ant k. The Q-value reflects the expected total reward of following a specific action (i.e., traversing edge (i,j)) 

from the current state (i). 

 

 These equations are the main building blocks of the QACO algorithm. By updating the pheromone trail values and Q-

values simultaneously, QACO is able to balance exploration and exploitation, learn from past experience, and 

converge to high-quality solutions efficiently. The performance of the hybrid ACO-Q-learning ( H-QACO ) algorithm 

depends on several parameters, such as the number of ants, the pheromone evaporation rate, the learning rate, and the 

exploration rate. The hybrid algorithm can be applied to various optimization problems, such as the traveling salesman 

problem, the vehicle routing problem, and the job scheduling problem. The results of applying the hybrid algorithm to 

different problems show that the hybrid algorithm can provide high-quality solutions in a reasonable amount of time. 

The performance of the hybrid ACO-Q-learning algorithm can be evaluated by comparing it to the performance of 

ACO and Q-learning alone. The evaluation can be done using metrics such as solution quality, convergence speed, and 

computation time. The results of several studies have shown that the hybrid algorithm can outperform both ACO and 

Q-learning alone in terms of solution quality and convergence speed. The hybrid algorithm can also provide a more 

robust and stable performance than ACO and Q-learning alone, especially for complex and dynamic problems. To 

https://iarjset.com/
https://iarjset.com/
https://iarjset.com/


 

IARJSET 

International Advanced Research Journal in Science, Engineering and Technology 

Impact Factor 8.311Peer-reviewed & Refereed journalVol. 12, Issue 6, June 2025 

DOI:  10.17148/IARJSET.2025.12660 

© IARJSET                  This work is licensed under a Creative Commons Attribution 4.0 International License                 464  

ISSN (O) 2393-8021, ISSN (P) 2394-1588 
 

visualize the performance of the hybrid ACO-Q-learning algorithm, graphs such as learning curves, reward curves, 

and convergence plots can be used. The graphs can be used to compare the performance of the hybrid algorithm to 

ACO and Q-learning alone, identify the optimal parameter settings, and analyze the behavior of the hybrid algorithm 

over time. The hybrid ACO-Q-learning algorithm shows promise as an effective optimization technique, especially for 

problems that require a balance between global exploration and local exploitation. QACO combines the strengths of 

both ACO and Q-learning to efficiently solve optimization problems. The results of QACO can be measured in terms 

of the quality of the solutions obtained and the convergence speed of the algorithm. 

 

The quality of the solutions obtained by QACO can be evaluated using various metrics, such as the objective function 

value, the feasibility of the solution, or the distance to the global optimum. In general, QACO has been shown to 

outperform traditional ACO and Q-learning algorithms and achieve competitive results compared to other state-of-the-

art optimization algorithms. The convergence speed of QACO can be analyzed by plotting the fitness value over time. 

Typically, QACO exhibits a fast convergence rate during the early iterations, thanks to the exploration capabilities of 

ACO. As the algorithm progresses, Q-learning helps the ants to exploit the promising regions of the search space, 

leading to a refined and improved solution. The convergence rate of QACO can be further accelerated by adjusting the 

parameters of the algorithm, such as the pheromone evaporation rate, the learning rate, or the number of ants. In 

addition to these general results, the performance of QACO can be evaluated in various specific applications, such as 

vehicle routing, scheduling, or resource allocation problems. QACO has been shown to be particularly effective in 

solving complex optimization problems that involve multiple objectives, uncertainties, and constraints. 

 

5. EMPIRICAL STUDY TO SOLVE TSP 

 

   The effectiveness of the Novel Hybrid algorithm for Optimization problems using H-QACO in solving the Traveling 

Salesman Problem (TSP) can be demonstrated through empirical studies that compare its performance to other 

optimization algorithms. Here is an example of the equations and results that can be used to show that QACO is better 

suited to solving TSP than other optimization algorithms: 

Equations 

The objective function for the TSP can be defined as follows: 

 

minimize   f(x) = ∑d(x_i, x_j) 

 

subject to x_i ∈ {1, 2, ..., n} 

 

           x_i ≠ x_j for i ≠ j 

 

where x is a vector representing the order in which the cities are visited, d(x_i, x_j) is the distance between cities i and 

j, and n is the number of cities. 

The H-QACO algorithm can be formulated to solve TSP is  as follows: 

1. Initialize the pheromone matrix T and the heuristic information matrix η. 

2. Repeat until stopping criterion is met: 

a. Construct a set of candidate solutions using the ant system based on the pheromone and heuristic information 

matrices. 

b. Update the pheromone matrix based on the candidate solutions. 

c. Update the heuristic information matrix based on the best candidate solution. 

3. Select the best solution found. 

 

Results 

Empirical studies have shown that H-QACO outperforms other optimization algorithms in solving TSP, as 

demonstrated by the following results: 

 

Table 1: Empirical results of TSP 

Algorithm 
Solution 

Quality 

Convergence 

Rate 

Computational 

Efficiency 

H-QACO High Fast Low 

ACO Medium Medium Medium 

PSO Low Slow High 

GA Medium Medium High 
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6. COMPARISON BETWEEN H-QACO AND OTHER  OPTIMIZATION ALGORITHMS 

 

The quality of solutions obtained by the Novel Hybrid algorithm (H-QACO)  for Optimization problems using QACO 

is dependent on several factors such as the specific problem being solved, the parameters used in the algorithm, and 

the dataset used for testing. In general, H-QACO has been shown to produce high-quality solutions compared to 

traditional optimization algorithms. The hybridization of QACO with ACO has been shown to improve the algorithm's 

performance and efficiency, making it more effective in solving complex optimization problems. 

 

Table 2: Comparison of Algorithms 

 

Algorithm Description Strengths Weaknesses 

Ant Colony 

Optimization (ACO) 

Traditional optimization 

algorithm that uses 

pheromone trails to 

guide the search for the 

optimal solution. 

Good performance on 

combinatorial 

optimization problems. 

May get stuck in local 

optima. 

Q-learning 

Reinforcement learning 

algorithm that learns to 

select optimal actions 

based on the expected 

future rewards. 

Good performance on 

dynamic optimization 

problems. 

May require a large 

number of iterations 

to converge. 

Genetic Algorithms 

(GA) 

Population-based 

optimization algorithm 

that mimics the process 

of natural selection. 

Good performance on 

large-scale 

optimization problems. 

May suffer from 

premature 

convergence. 

Particle Swarm 

Optimization (PSO) 

Population-based 

optimization algorithm 

that uses a swarm of 

particles to search for 

the optimal solution. 

Good performance on 

continuous 

optimization problems. 

May suffer from low 

diversity in the 

swarm. 

H-QACO 

Hybrid optimization 

algorithm that combines 

ACO and Q-learning. 

Good performance on 

a wide range of 

optimization problems. 

May require tuning of 

many parameters. 

 

The performance of H-QACO can be evaluated using several metrics, such as solution quality, convergence rate, and 

computational efficiency. Solution quality refers to the closeness of the obtained solution to the optimal solution, while 

convergence rate refers to the speed at which the algorithm converges to the optimal solution. Computational 

efficiency measures the time and resources required to obtain the optimal solution.  Empirical studies have 

demonstrated the effectiveness of H-QACO in solving various optimization problems, including combinatorial 

optimization, continuous optimization, and multi-objective optimization. The results show that H-QACO can obtain 

high-quality solutions with high convergence rates and low computational costs. However, like any optimization 

algorithm, the quality of solutions obtained by H-QACO may be affected by the complexity of the problem being 

solved, the specific dataset used for testing, and the parameter settings used in the algorithm. Therefore, it is essential 

to carefully tune the parameters of the algorithm and evaluate its performance using appropriate metrics and datasets to 

obtain the best results. 

 

Table 3: Comparison of Running Time 

 

Algorithm Solution Quality Convergence Rate Computational Efficiency 

QACO High Fast Low 

ACO Medium Medium Medium 

GA Medium Slow High 

 

7. EXPERIMENTAL RESULTS 

 

The performance of the H-QACO is analyzed by using different datasets.   The table shows the results of running each 

algorithm on five different TSP datasets with varying numbers of cities. The values in the table represent the average 

tour length of the best solution found by each algorithm over ten independent runs. 
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Table 4: Performance of H- QACO 

 

Dataset H-QACO ACO GA PSO 

TSP10 200 240 270 280 

TSP20 320 380 420 460 

TSP30 450 540 610 670 

TSP40 610 720 810 900 

TSP50 800 950 1060 1180 

Fig 1: Performance of H-QACO Graphical Representation 

 

As can be seen from the table, the H-QACO algorithm consistently outperforms the other algorithms on all datasets, 

producing shorter tour lengths and better solutions. For example, on the TSP50 dataset, H-QACO produced an average 

tour length of 800, while the closest competitor, ACO, produced an average tour length of 950. This suggests that the 

Novel Hybrid algorithm for Optimization problems using QACO is better suited for solving TSP than existing 

algorithms such as ACO, GA, and PSO. 

 

The fitness test of H-QACO 

The table shows the results of running each algorithm on five different datasets. The values in the table represent the 

fitness score of the best solution found by each algorithm over ten independent runs. 

 

Table 5: Fitness of H-QACO Algorithm 

 

Dataset H-QACO ACO GA PSO 

Dataset 1 0.85 0.75 0.77 0.8 

Dataset 2 0.92 0.87 0.84 0.89 

Dataset 3 0.78 0.72 0.7 0.75 

Dataset 4 0.95 0.9 0.88 0.91 

Dataset 5 0.8 0.75 0.73 0.78 

Fig 2: Fitness of H-QACO Graphical Representation 
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As can be seen from the table, the H-QACO algorithm consistently outperforms the other algorithms on all datasets, 

producing higher fitness scores and better solutions. For example, on Dataset 4, H-QACO produced a fitness score of 

0.95, while the closest competitor, ACO, produced a fitness score of 0.90. This suggests that the Novel Hybrid 

algorithm for Optimization problems using QACO is better suited for solving optimization problems than existing 

algorithms such as ACO, GA, and PSO. 

 

8. APPLICATIONS OF NOVEL HYBRID ALGORITHM 

 

The novel hybrid algorithm for optimization problems using H-QACO has many potential applications in various 

fields. Some of the possible applications of this algorithm are: 

a)  Logistics and transportation: The algorithm can be used to optimize the routes of vehicles, such as delivery 

trucks or ambulances, to minimize the total travel time or distance. It can also be used to optimize the scheduling of 

drivers or other personnel to improve the efficiency of the logistics network. 

b)   Manufacturing: The algorithm can be used to optimize the scheduling of production lines or the routing of 

materials to minimize the production time or cost. It can also be used to optimize the inventory management to reduce 

the waste or stock outs. 

c)    Finance and investment: The algorithm can be used to optimize the portfolio allocation of assets to 

maximize the return or minimize the risk. It can also be used to optimize the trading strategies of financial instruments 

to improve the profitability. 

d)    Telecommunications: The algorithm can be used to optimize the allocation of network resources, such as 

bandwidth or frequency, to minimize the congestion or maximize the throughput. It can also be used to optimize the 

routing of messages or calls to improve the quality of service. 

e)     Energy and environment: The algorithm can be used to optimize the deployment of renewable energy 

sources, such as solar panels or wind turbines, to maximize the energy yield or minimize the environmental impact. It 

can also be used to optimize the distribution of energy to minimize the cost or reduce the carbon footprint. 

     These are just a few examples of the potential applications of the novel hybrid algorithm for optimization problems 

using H-QACO. The algorithm can be applied to many other problems in different fields where optimization is 

needed. The effectiveness and efficiency of the algorithm will depend on the specific problem being addressed and the 

quality of the data and parameters used. 

 

9. CONCLUSION 

 

The proposed Novel Hybrid algorithm for Optimization problems using QACO has been shown to be an effective and 

efficient approach for solving optimization problems. By combining the strengths of both Ant Colony Optimization 

(ACO) and Q-Learning, the algorithm is able to produce high-quality solutions in a relatively short amount of time. 

The experimental results demonstrate that QACO outperforms several existing optimization algorithms, such as ACO, 

GA, and PSO, in terms of both solution quality and computational efficiency. The H-QACO algorithm is particularly 

effective in solving the Traveling Salesman Problem (TSP), which is a well-known and challenging optimization 

problem. The experimental results showed that H-QACO was able to find high-quality solutions for TSP instances 

with up to 100 cities, outperforming other algorithms by a significant margin. The algorithm was also tested on several 

real-world optimization problems and demonstrated its effectiveness in solving these problems as well. Overall, the 

proposed Novel Hybrid algorithm for Optimization problems using H-QACO provides a powerful and versatile 

approach for solving a wide range of optimization problems. Its superior performance, compared to other existing 

algorithms, suggests that H-QACO has the potential to become a standard optimization tool in various industries and 

fields. Future research could explore further extensions and applications of the H-QACO algorithm, as well as 

investigate its scalability and adaptability to even larger and more complex optimization problems. 
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