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ABSTRACT 

 

The quality of Tungsten Inert Gas (TIG) welding depends significantly on the appropriate selection of process 

parameters such as welding current, voltage, and welding speed. Improper parameter combinations often lead to 

defects in weld bead geometry, reduced penetration, and an enlarged heat-affected zone. To achieve a stable arc 

and improved weld integrity, it becomes necessary to determine the optimal combination of these parameters. 

Hence, the aim of this work is to develop and apply an Ant Colony Optimization (ACO) algorithm to minimize 

the arc length of TIG welds using MATLAB 2024.   

The research methodology involved formulating an objective function that relates the arc length to the key 

process variables—current (A), voltage (V), and welding speed (F). The ACO metaheuristic technique was 

employed to simulate the welding process, with each ant representing a possible parameter combination. The 

pheromone updating and heuristic information were used to guide the search towards optimal solutions, and the 

developed algorithm was implemented and coded in MATLAB 2024.    

The results of the optimization revealed that the ACO algorithm successfully determined the optimal process 

parameters of 100 A current, 19.27 V voltage, and 0.145 m/min welding speed, producing a minimum arc length 

of approximately 0 mm after correction. This indicated a highly concentrated and stable arc. The predicted 

results were compared with the literature model and found to be in good agreement, confirming the accuracy and 

robustness of the developed algorithm. The findings demonstrate that ACO is an effective metaheuristic 

technique for intelligent optimization of TIG welding parameters, capable of enhancing weld quality through 

efficient parameter selection. 
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CHAPTER ONE 

INTRODUCTION 

Unit 1.1   Background in the study   

Metaheuristic algorithms are optimization techniques that are designed to find an adequate solution 

for a broad range of optimization problems. These algorithms stand out from other optimization 

techniques in several ways. Firstly, they are derivative-free, meaning that they do not require any 

sort of calculation of derivatives in the search space, as opposed to gradient based search 

techniques.   This makes metaheuristic algorithms much simpler, more flexible, and more capable 

of avoiding local optima, making them highly effective for handling challenging optimization 

tasks.   The stochastic nature is another characteristic of metaheuristic algorithms, which implies 

they begin the optimization process by generating random results.    

Tungsten Inert Gas (TIG) Welding is one of the most precise welding techniques used for high 

quality applications. It utilizes a non-consumable tungsten electrode and an inert shielding gas, 

typically argon, to protect the weld zone from atmospheric contamination. 

Despite its advantages, TIG wilding performance is highly sensitive to process variables. Small 

variations in input parameters can lead to defects such as excessive penetration, weak joints or 

unstable arc formation. Therefore, optimizing these parameters is essential to achieve consistent 

weld quality. 

Welding is a fundamental manufacturing process widely used in engineering and industrial 

application of heat, pressure, or both, with or without filler material, to components. The process 
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plays a crucial role in fabrication industries such as automotive, aerospace, construction, and 

shipbuilding. 

In modern manufacturing, achieving high quality welds require proper control of process 

parameters such as welding current, voltage and travel speed. These parameters significantly 

influence weld characteristics including penetration, bead shape, and arc stability. 

They provide a set of guidelines and strategies that can be used to develop efficient heuristic 

optimization algorithms. Metaheuristics are sophisticated methods or heuristics that are intended 

to locate, induce, or select a heuristic that can offer the best possible solution to an optimization 

issue, even in the absence of enough data or when computational resources are limited.   

 They are employed in both mathematical optimization and computer science. Metaheuristics 

enable the efficient exploration of a large search space by testing a subdivision containing 

elucidations that could ordinarily be excessively sizeable to be wholly recapitulated or explored. 

Metaheuristics can be used in different types of problems as they showcase a class of generic search 

algorithms.   

 What inspires them are ideas from different areas which help them in finding a way to solve 

optimization problems. As examples, we can look at an artificial electric field optimizer, which is 

a physics-based algorithm, or an evolutionary strategy, which is an evolution-based algorithm. In 

optimization problems, mathematical theorems are used to make decisions that help find the best 

possible solution to a problem, which is far better than going through every possible solution.    

A few of the most commonly used classes of metaheuristics, described below, are capable of 

solving problems for which even the most powerful classical computers cannot be programmed. 

Contingently as per their behavior, metaheuristic breakthroughs could be classified within four 
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distinct classifications: human-related, physics-rooted, evolution based, and based on swarm 

intellects.   

 The field of nature-inspired intelligent algorithms has a rich history, stretching back to its early 

development years. These algorithms, often referred to as NII algorithms, are intelligent 

metaheuristic optimization techniques known for their ability to refine candidate solution 

populations using information acquired during the algorithm’s execution.    

The birth of this field can be traced back to the introduction of the first genetic algorithm by Holland 

in 1975, which ignited a spark for the development of NII algorithms. Although genetic algorithms 

are not typically categorized as NII methods, they paved the way for scientists to examine other 

natural concepts that could be modeled for high-performance optimization.    

The first such algorithm, known as “Simulated Annealing”, was put forth in 1983 by Kirkpatrick. 

This algorithm was modeled after the annealing process in metallurgy and has since become one 

of the most recognized optimization methods. Another well-known NII algorithm is the Stochastic 

Diffusion Search, introduced in 1989 by Bishop and later referred to as such by Bishop and Torr 

in 1992.   

 With this approach, agents seek out more effective solutions and collect close to locally optimal 

solutions as they explore the solution space. M. Dorigo first suggested ant colony optimization, or 

ACO, in his doctoral dissertation in 1992.    

This approach utilizes a utility-based model and focuses on specific solutions while avoiding low-

quality ones, using pheromones as a smart operator. Each representative reconditions the 

pheromone’s immensity for every escape trail they discover, forming powerful pheromone strings. 

The concluding optimal remedy is often composed of elements of these trials, as they are marked 
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with more pheromones due to having been followed by a greater number of agents. In 1995, 

Particle Swarm Optimization was proposed by Eberhart and Kennedy.   

1.2 Statement of the Problem   

Metaheuristic optimization techniques such as Genetic Algorithms (GA), Particle Swarm 

Optimization (PSO), Ant Colony Optimization (ACO), Simulated Annealing (SA), and newer 

hybrid or nature-inspired algorithms have emerged as powerful alternatives. They provide flexible, 

problem independent approaches that can effectively explore large and complex search spaces 

without requiring gradient information.   

However, despite their success, several issues remain open:   

1. No single metaheuristic performs best across all problem types (as per the No Free Lunch   

Theorem).   

2. Parameter tuning and algorithm configuration are often problem-specific and lack 

standardization.   

3. Balancing exploration and exploitation remains a challenge.   

4. Benchmarking and comparative evaluation are often inconsistent across studies.   

This project aims to address these challenges by analyzing and evaluating metaheuristic 

optimization techniques in terms of performance, convergence behavior, robustness, and 

applicability to specific problem domains. The goal is to identify strengths, limitations, and best 

practices in the use of metaheuristics for solving complex optimization problems.   
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1.3 Aim & Objective   

The aim of this study is to optimize some welding parameters in TIG welding by applying Artificial 

Intelligence techniques.   

The Objectives are:   

 i. To formulate an objective function based on welding process parameters.   

iii. To apply Metaheuristic techniques ACO by simulating the algorithms using MATLAB 2024. 

iv. To validate the effectiveness of the algorithm.   

v. To analyze the results in terms of performance indicators like convergence rate, accuracy, 

robustness, and computation time.   

1.4 Scope of the Study   

The project encompasses the theoretical study, implementation, and experimental analysis of 

metaheuristic algorithms. The scope includes:   

1. A literature review of relevant metaheuristics.   

2. Development of algorithms using MATLAB or Python.   

3. Application of algorithms to standard test functions such as:   

4. Sphere function   

5. Rosenbrock function   

6. Rastrigin function   

7. Ackley function   

8. Evaluation and comparison of performance.   

9. Identification of suitable scenarios for each algorithm.   
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This study does not cover hybrid algorithms or problem specific tuning, but it lays the groundwork 

for future work in those areas.   

1.5 Significance of the study   

The growing complexity of optimization problems across various domains such as engineering, 

computer science, logistics, economics, and artificial intelligence demands robust and efficient 

solution techniques. Traditional optimization methods often struggle with non linearity, high 

dimensionality, and the presence of multiple local optima in real-world problems.   

This study is significant for the following reasons:   

1. Improved Problem-Solving Efficiency   

By exploring metaheuristic optimization techniques, this study contributes to the 

development of more efficient and adaptable tools for solving complex optimization 

problems where exact methods are infeasible or computationally expensive.   

2. Cross-Domain Applicability   

The findings can benefit multiple fields, as metaheuristics are versatile and can be applied 

to diverse problem types ranging from scheduling and routing to neural network training 

and engineering design.   

3. Enhancing Decision-Making   

Through better optimization outcomes, industries and organizations can make improved 

decisions in areas such as cost reduction, time management, and resource allocation.   

4. Contribution to Research and Innovation   

By addressing current gaps such as parameter tuning, convergence behavior, or 

hybridization of techniques, this work adds value to ongoing research and opens pathways 

for future innovation in optimization methods.   
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Ultimately, the study aims to contribute not only to academic knowledge but also to practical 

solutions in real-world optimization challenges.   
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CHAPTER TWO 

LITERATURE REVIEW 

Unit 2.1 Background and Evolution of Metaheuristic   

Tabu search, introduced by Glover in 1986, is a mathematical optimization technique designed to 

mathematical optimization technique designed to so complex combinatorial problems, It improves 

the performance of local search methods by introducing a memory structure that records previously 

visited solution and selects the best candidate based on the objective function. This process is 

repeated iteratively until a stopping condition is met. 

A key feature of Tabu search is the use of a Tabu list, which stores recently visited solutions to 

prevent revisiting them. This helps the algorithm avoid cycling and encourages exploration of new 

religions in the search space. However, despite its advantages, the method may require additional 

intensification or diversification strategies to improve performance in complex cases,  having less 

parameter is the main advantage of the Taboo search than simulated annealing algorithm. However, 

the algorithm isn't always efficient, it is often appropriate to add him other intensification and/or 

diversification processes that involve introduction of new parameters Glover et al. (1997).   

2.1.1 Evolutionary Algorithms : Evolutionary algorithms were first introduced by Fraser in 1957 

and are inspired by the biological process of natural evolution. These algorithms simulate 

mechanisms such as selection, mutation, reproduction, and recombination to evolve solutions over 

time.The process begins with a randomly generated population of candidate solutions within a 

defined search space. Each individual is evaluated using a fitness function that measures how well 

it measures how well it solves the problem. Over successive generations, the population evolves 

through repeated application of genetic operators. 
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 The goal is the overall improvement of individuals’ performance through generations. In each 

generation one applies a series of operators to population individuals that generate a new 

population. Each operator uses one or more population individuals, called parents, to generate new 

candidates, called off springs. An evolutionary algorithm has usually three key operators: selection 

operator, crossover operator and mutation operator. Selection operator favors spread of better 

solutions in the population while maintaining its genetic diversity.   

 The crossover operator is implemented during the creation phase of off springs. This operator aims 

to exchange the parents’ genes to create off springs. Mutation operator consists to draw randomly 

component of parent and replace it by a random value. This operator allows creating randomly off 

springs and maintaining the population diversity.    

2.1.2 Genetic algorithms: Formally developed by Holland in 1975, are stochastic optimization 

methods based on the principles of natural selection. They mimic biological evolution where only 

the fittest individuals survive and reproduce. 

In GA, a population of candidate solutions is encoded in a structed format (often binary or real 

valued strings). The selection process favors stronger solutions, while crossover and mutation 

operations generate new offspring with improved characteristics. 

Although GA is widely used, it may suffer from slow convergence or premature convergence to 

suboptimal solutions. To address these issues, enhancements such as elitism and improved 

selection strategies have been introduced in later studies. 

Genetic algorithms were conceived as an optimization method to resolve problems with discrete 

variables (Holland (1973), Goldberg (1989) and Holland (1992).   
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 In their canonical version, Genetic Algorithms suffer most often of slow convergence or premature 

problems. To overcome these drawbacks several improvements have been proposed such as: 

organic operators, elitist strategy, etc. Michalewicz (1996). Genetic Programming (GP) Genetic 

programming is an alternative of genetic algorithms, designed to manipulate programs and 

implement an automatic learning model Koza (1992). The programs are usually coded by trees that 

can be viewed as bit strings of variable length. Most techniques and results of genetic algorithms 

can also be applied to genetic programming.   

2.1.3 Evolutionary Strategy (ES): Evolution Strategies are another branch of evolutionary 

computation originally proposed by Rechenberg in 1965. Unlike Genetic Algorithms, ES primarily 

focuses on real-valued optimization problems. 

The method operates by iteratively modifying a population of solution vectors using mutation and 

selection. Mutation is typically performed by adding normally distributed random values to 

individuals. Selection then chooses the best-performing candidates based on fitness values. 

Different variants exist depending on how parents and offspring are selected, commonly referred 

to as (μ, λ)-ES and (μ + λ)-ES. Modern versions may also incorporate recombination operators to 

improve performance and prevent stagnation in local optima. 

Then the produced offsprings are mutated. Selection step could be applied either only for offsprings 

either for parents and offsprings together. In the first case the algorithm is noted ( algorithm is 

noted ( μ + ) λ − ES μ , λ ) − ES and the second Schoenauer and Michalewicz   

(1997). The new actual methods use crossover operator to avoid being trapped in local optima.   

Evolution strategies were conceived as an optimization method for continuous variables 

(Rechenberg (1965) and Beyer (2001).   
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2.1.4 Evolutionary Programming (EP) : Evolutionary Programming was introduced by Fogel 

and colleagues in 1966. It focuses on the evolution of behavioral models, often represented using 

finite-state machines. 

Unlike other evolutionary methods that rely heavily on crossover, evolutionary programming 

mainly uses mutation as its primary operator. It is commonly applied in prediction and control 

systems where future states are estimated based on past observations. 

 2.1.5 Swarm intelligence Algorithm:  Swarm intelligence refers to the collective behavior of 

decentralized, self-organized systems. It is inspired by natural phenomena such as fish schooling, 

bird flocking, and insect colonies. 

In these systems, simple individuals interact locally with each other and their environment, yet 

together they produce highly organized global behavior. This emergent intelligence is a key 

concept behind many optimization algorithms. 

Each individual (or agent) follows simple rules such as alignment, cohesion, and separation. 

Through continuous interaction, the group is able to solve complex tasks without centralized 

control. 

Collective intelligence is seen principally in social insects (ants, bees...) and animals in movement 

(migrating birds, fish schools). Therefore, several algorithms based on collective intelligence 

phenomenon have been introduced, such as ant colonies and particle swarm (Hoffmeyer (1994) 

and Ramos et al. (2005). is a Metaheuristic proposed by Kennedy et al. (1995). This method 

inspired from animals social behavior in their moving in swarms.    

The most used example is the behavior of fish school (Wilson (1975) and Reynolds (1987). Indeed, 

these animals are characterized by a movement dynamics relatively complex, while individually 

each one has a limited intelligence and local knowledge focused on its position in the swarm. 
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Thereby, each individual has knowledge only of the position and speed of its nearest neighbors. It 

therefore uses not only its own memory, but also local information of nearest neighbors to decide 

its own movement. Simple rules, such as "go in same speed as others", "moving in the same 

direction" or "stay close neighbors" are among key behaviors that maintain cohesion of the swarm 

and allow the implementation of complex and adaptive collectives behaviors.    

2.1.6 Ant Colony Algorithms (ACO):  Ant Colony Optimization was first proposed by Dorigo in 

1992, inspired by the foraging behavior of real ants. In nature, ants are able to find the shortest path 

between their colony and food sources by using pheromone trails. 

When ants move, they deposit pheromones along their paths. Over time, shorter paths accumulate 

stronger pheromone concentrations because they are traversed more frequently. As a result, other 

ants are more likely to follow these stronger trails, eventually converging on the optimal route. 

In optimization problems, artificial ants simulate this behavior by constructing solutions step by 

step and updating pheromone values based on solution quality. This makes ACO effective for both 

discrete and continuous optimization problems. 

Therefore, the pheromone quantity in this way will be more important than the longer distance. 

Thereby, eventually the shortest way has a greater probability to be used by all ants than other 

ways. First algorithms inspired from this analogy were proposed by Colorni et al. (1992) and 

Dorigo et al. (1996) to resolve problem of business traveler. In these algorithms each solution is 

considered as an ant moving in the search space. Ants mark better solutions and take account of 

previous markings to optimize their research. Ant colony algorithms use an implicit probability 

distribution to perform the transition between iterations. In their adapted version to combinatorial 

problems these algorithms use an iterative construction of solutions.    
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2.1.7 Biogeography-Based Optimization (BBO): Biogeography-Based Optimization is inspired 

by the distribution of species across different habitats. In this method, each solution is treated as a 

habitat, and its quality is measured using a fitness value known as habitat suitability. 

Good solutions share features with weaker ones through migration, allowing information exchange 

across the population. Over time, this improves the overall quality of solutions in the search space. 

2.1.8 Artificial Bee Colony (ABC) :  The Artificial Bee Colony algorithm is based on the foraging 

behavior of honey bees. It involves three types of bees: employed bees, onlooker bees, and scout 

bees. 

Employed bees search for food sources and share information about their quality. Onlooker bees 

evaluate this information and choose promising sources, while scout bees explore new areas 

randomly. 

This cooperative behavior allows the algorithm to efficiently search for optimal solutions in 

complex numerical problems. 

 Grey Wolf Optimization (GWO) A new metaheuristic called Grey Wolf Optimizer (GWO) inspired 

by grey wolves have been proposed by Mirjalili et al. in [19]. The GWO algorithm mimics the 

leadership hierarchy and hunting mechanism of grey wolves in nature [20]                                           

2.1.9 Physics-Based Algorithms: Physics-based optimization algorithms are inspired by natural 

physical laws such as gravity, electromagnetism, and thermodynamics. 

For example: 

Simulated Annealing mimics the cooling process of metals 
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Gravitational Search Algorithm is based on Newtonian gravity 

Electromagnetism-like Optimization uses attraction and repulsion of charged particles 

These algorithms balance exploration and exploitation by simulating natural physical interactions.  

To tackle optimization issues, it simulates the behavior of charged particles and magnetic fields.  

2.2.1 Galaxy-Based Search Algorithm (GbSA): Shah-Hosseini (2009) Motion of stars and 

galaxies under gravity, GbSA simulates the orbital movement of stars around galaxies. Solutions 

revolve around better solutions (like stars orbiting a galactic center), which are updated based on 

angular velocity and distance.   

Ngo, N. T. (2018). Proposes GbSA, modeling galaxies as agents in a search space influenced.   

 Kirkpatrick, S., Gelatt, C. D., & Vecchi, M. P. (1983). Optimization by Simulated Annealing   

A landmark paper that formalized simulated annealing as a metaheuristic based on thermodynamic 

annealing, showing how randomness helps escape local optimal   

Used in: Section on SA (Physics-Based Algorithms).   

 Proposes GbSA, modeling galaxies as agents in a search space influenced by cosmic dynamics.   

Shows performance on complex engineering problems.   

2.2.2 Charged System Search (CSS): Introduced by: Kaveh and Talatahari (2010)   

Inspiration: Coulomb's law and Newtonian mechanics   

CSS models each candidate solution as a charged particle, which exerts electrostatic forces on 

others. These interactions are used to update the velocities and positions of the particles, leading 

the system toward equilibrium (optimality).   
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 Cuevas, E., Oliva, D., Zaldivar, D., Pérez-Cisneros, M., & Sossa, H. (2013). Circle detection using 

Electromagnetism-Like Optimization. Information Sciences, 182(1), 40–55.   

Introduces Electromagnetism-Like Optimization (EMO), a physics-based algorithm.   

 Adds depth to the physics-based algorithms section.   

2.2.3 Bio-Inspired Algorithms   

Bio-inspired algorithms emulate biological processes observed in evolution, reproduction, and 

natural behavior. These techniques draw from principles such as natural selection, mating, survival 

of the fittest, foraging, and reproduction. They are among the earliest and most widely used 

metaheuristics, known for their flexibility, adaptability, and capability to solve complex, non-

linear, and multi-modal optimization problems.   

2.2.4 Firefly Algorithm (FA): Yang (2009) Flashing behavior and attraction mechanism of   

fireflies   

In FA, fireflies are attracted to each other based on their brightness, which correlates with fitness.   

Less bright fireflies move toward brighter ones, and attraction decreases with distance.   

Mathematical Model:   

x_i^{t+1} = x_i^t + \beta_0 e^{-\gamma r_{ij}^2} (x_j^t - x_i^t) + \alpha \cdot \text{rand}   

One of the most significant contributions in the field of metaheuristics came from Yang, X. S. 

(2010), who presented a broad framework  Horng, M.-H. (2011). Vector quantization using the 

firefly algorithm for image compression. Expert Systems with Applications, 38(12), 13843– 

13852.   
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2.3 WELDING PROCESS   

 Welding is a fabrication process used to permanently join two metallic components either of similar  

or different materials. This joining is achieved through the application of heat, with or without 

pressure, and filler material. 

The heat required for welding can be generated through various sources such as chemical reactions, 

electric arc, electrical resistance, friction, sound energy, or even light-based energy. When no filler 

material is used in the process, it is referred to as autogenous welding. 

Historically, welding dates back to ancient times, including the Bronze Age, where metals were 

joined using forge welding techniques to produce tools, weapons, and decorative items. However, 

modern welding processes have evolved significantly over the last century, leading to highly 

advanced and controlled joining techniques. 

The earliest recorded use of welding with a carbon electrode occurred in 1885, while metal arc 

welding using bare electrodes was patented in 1890. Although these early developments were 

mainly experimental and limited to repair applications, they formed the foundation for modern 

processes such as Manual Metal Arc Welding (MMAW) and other arc-based techniques. 

Around the same period, resistance butt welding was developed in the United States in 1886. Later, 

additional resistance welding methods such as spot welding and flash welding emerged around 

1905, initially relying on manual loading systems.With the availability of inexpensive oxygen in 

1902, oxy-acetylene welding became practical in Europe by 1903. The introduction of coated 

electrodes in 1907 significantly improved welding efficiency, making manual metal arc welding 

suitable for large-scale industrial production and fabrication. 

Over time, several important welding innovations were introduced, including: 
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1. Thermite welding (1903) 

2. Cellulosic electrodes (1918) 

3. Arc stud welding (1918) 

4. Seam welding of tubes (1922) 

5. Mechanical flash welding for rail joining (1924) 

6. Extruded electrode coating for MMAW (1926) 

7. Submerged arc welding (1935) 

8. Air arc gouging (1939) 

9. Tungsten inert gas (TIG) welding (1941) 

10. Iron powder electrodes (1944) 

11. Metal inert gas (MIG) welding (1948) 

12. Electroslag welding (1951) 

13. Flux-cored arc welding with CO₂ shielding (1954) 

14. Electron beam welding (1954) 

15. Plasma arc cutting (1955) 

2.3.1 General Applications of Welding 

Welding is widely applied across multiple industries due to its ability to create strong and 

permanent joints. It is commonly used in the production of transport tanks for liquids such as oil, 

water, and milk, as well as in the fabrication of pipes, chains, LPG cylinders, and similar products. 
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It is also extensively used in manufacturing household and industrial products such as steel 

furniture, gates, doors, door frames, refrigerators, washing machines, and microwave ovens. 

Major Applications Include: 

1. Pressure Vessels: 

One of the earliest industrial uses of welding was in pressure vessel fabrication. Compared to 

riveted structures, welded vessels allow higher operating pressures and temperatures, making them 

more efficient and reliable. 

2. Bridges: 

Welding began to be used in bridge construction due to difficulties in transporting large riveted 

sections and heavy equipment to remote areas. The first fully welded bridge was constructed in the 

United Kingdom in 1934, and since then welded bridges have become standard in modern 

construction. 

3. Shipbuilding: 

Early ships were constructed using rivets, requiring millions of fasteners and highly skilled labor. 

Welding introduced prefabrication and reduced labor intensity. It became widely adopted in 

shipbuilding around the 1920s, and today most ships and submarines are fully welded structures. 

4. Structural Construction: 

Arc welding is commonly used in the fabrication of steel buildings and large structures. It reduces 

material usage and construction cost while maintaining strength and durability. 

5. Aircraft and Spacecraft: 

Aircraft were originally built using riveted joints, but welding became more important with the 

introduction of jet engines. In aerospace applications, welding is used to join lightweight and heat-
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resistant materials required for extreme operating conditions, including both high and low 

temperatures. 

6. Railway Systems: 

The railway industry makes extensive use of welding in the production of coaches, wagons, and 

wheel assemblies. It is also used in track laying through flash butt welding machines and in repair 

operations using thermite welding for damaged rails. 

                                                                                                                                

2.3.2 TIG Welding (Tungsten Inert Gas Welding)   

TIG welding is a highly precise welding process that uses a non-consumable tungsten electrode to 

create an arc and melt the base metals. An inert shielding gas usually argon is used to protect the 

weld area from atmospheric contamination such as oxygen, nitrogen, and moisture.   

 Applications   

I. Aerospace components   

II. Food grade piping systems   

III. Automotive exhausts and frames   

IV. Artistic and ornamental welding   

2.3.3 GTAW (GAS tungsten Arc Welding)   

GTAW, or Gas Tungsten Arc Welding, is the technical and formal name for TIG welding. It is the 

terminology used by standards organizations such as the American Welding Society (AWS) and is 

often seen in academic literature, textbooks, and engineering specifications.   
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2.3.4 Arc Efficiency    

Arc efficiency (also called heat transfer efficiency) is the proportion of electrical energy from the 

arc that is actually transferred into the workpiece as usable heat to melt the metal during welding.    

   

2.4.5 Thermal Efficiency    

Thermal efficiency refers to the percentage of the total arc heat that is effectively used to melt the 

base material and filler metal i.e., the energy that results in actual melting rather than heat loss.  

Both are crucial for understanding and optimizing welding processes, especially in precision   

methods like TIG/GTAW, where control of heat input is essential for quality and safety.  

 2.4 Research Gaps   

Some of which are what many researchers have overlooked in the field of metaheuristic algorithms 

Lack of Deep Theoretical Foundations While metaheuristics perform well empirically, many lack 

formal proofs of convergence, complexity analysis, or fitness landscape analysis. More rigorous 

mathematical study is needed to understand their strengths and limits. Limited Real-World 

Adoption Although widely published, many metaheuristics are rarely applied in real-world 

industrial settings due to scalability issues, lack of domain-specific customization, or integration 

barriers. Absence of Unified Frameworks There is a lack of consistent frameworks or taxonomies 

to classify, compare, and benchmark metaheuristics across domains.   

benchmark metaheuristics across domains. This leads to fragmented research and difficulty in 

cross-disciplinary application. Poor Explainability and Interpretability Most algorithms behave as 

black boxes, making it difficult to understand or justify why a particular solution was found.   
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This is problematic in sensitive fields like healthcare, legal systems, or finance. Limited Work on 

Dynamic and Online Optimization Metaheuristics often assume static environments, which is 

unrealistic in many modern applications like autonomous systems or streaming data. More focus 

is needed on adaptive and real time optimization. Lack of Human in the Loop Systems Few 

algorithms incorporate expert knowledge or interactive guidance. Combining human intuition with 

algorithmic power could significantly improve solution quality. 
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CHAPTER THREE 

METHODOLOGY 

This chapter outlines the methodology adopted for the study, detailing the experimental design, the 

response surface methodology (RSM), Ant colony (ACO) optimization, validation procedures, and 

the analysis tools utilized.    

3.1 Materials   

A total of 100 mild-steel coupons, each measuring 60 mm × 40 mm × 10 mm, were prepared for 

the welding trials. Following the procedure described by Uwoghiren and Ozigagun, the experiment 

was conducted in 20 runs, with five specimens allocated to each run. Prior to welding, the edges 

of all plates were bevelled and machined to ensure uniform joint preparation. Welding was carried 

out using a tungsten inert gas (TIG) welding machine, consistent with the methodology reported 

by Uwoghiren and Ozigagun.   

3.2 The methodology covers the following key activities:   

I. Selection of materials and equipment   

II. Identification of critical welding parameters   

III. Experimental design and execution   

IV. Data preprocessing and model development   

3.2.1 Research Design   

 

The research design adopted in this study is all about experimental investigation .The primary 

objective is to evaluate the influence of Tungsten Inert Gas (TIG) welding parameters on weld 

quality indicators such as:   
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1. current (Amp)   

2. voltage (V)   

3. Welding speed (m/min)   

In response to getting Arc Length(mm)   

To accomplish this, ACO and optimize the welding process.     

3.2.2 Objective Function and Constraints The optimization 

problem is defined as:   

Objective:   

Minimize   Z= Y(A,V,F)   Subject 

to constraints:   

100  ≤  A  ≤   180   

0.10  ≤  F  ≤   0.60   

16  ≤  V  ≤   22   

A, F, V = 0   

Additional constraints on V and F may also be included, depending on the experimental or process 

design limits.   
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Through ACO, the algorithm adapts over iterations, reinforcing high performing paths in the 

solution space. This makes ACO particularly suitable for nonlinear, multi-parameter optimization 

problems such as the one presented in this welding energy transfer study.   

 

3.3 Method of Data Collection   

The data used for this research were secondary data from the experimental work of  Uwoghiren  

and Ozigagun on the optimization of gas metal arc welding (GMAW) parameters. Their study 

provided reliable experimental datasets that relate welding current, arc voltage, and welding speed 

to the arc length of the weld bead.   

These existing data points served as the basis for developing a predictive model in MATLAB.   

The collected dataset was structured using a Central Composite Design (CCD) under the Response 

Surface Methodology (RSM) framework, allowing for efficient modeling of the process behavior 

across the selected range of parameters.   

The experimental data were entered into MATLAB and analyzed using the fitlm command to 

obtain a multiple linear regression model that expresses the arc length as a function of the three 

input parameters. The resulting regression coefficients were extracted and automatically saved into 

a MATLAB function file named objective Function. m, which represents the mathematical model 

of the process. This function was later used as the objective function for the Ant Colony 

Optimization (ACO) algorithm.    

3.3.1 Identification of range of input parameters   

The key parameter considered in this work are voltage, current, and welding speed. The range of 

the process parameters obtained from literature is shown in the table below. Table 3.1: Process 

parameters and their levels   
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Parameters   Unit   Symbol   Coded Value Low (-1)   Coded Value High (+1)   

Current   Amp   A   100   180   

Welding speed   m/min   F   0.10   0.6   

Voltage   Volt   V   16   22   

   

The Result by Uwoghiren and ozigagun, using Response surface methodology (RSM) to predict 

the Arc length.   

3.4 Ant Colony Algorithms (ACO) Implementation    

 Ant colony algorithms are born from a simple observation. Insects, particularly ants, solve 

naturally complex problems. The principal factor that facilitates this behavior is that ants 

communicate with each other indirectly owing to deposit of chemicals substances called 

pheromones. The following parameters were configured for the ACO in   

MATLAB:   

 

I. Initialize the population of solution   

II. Ants are positioned randomly in search of space    

III. Iteration –   

IV. Classify Ants into employed, and scouts based on fitness   

V. For every employed Ants   

VI. `Accept the ne solution    

VII. Reduce the AI and raise the ri.   

VIII. End if   
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IX. Run the Ant and identify the current best xo X.  End while (Ghania et al., 2016).   

ACO makes it suitable for exploring wide and rugged search space, by looking for the shortest 

distance available ,often locating near-globa optima even under nonlinear, multimodal conditions.   

1. Number of ants = 20   

2. Number of iterations = 1   

3. Number of levels per variable = 12   

4. Pheromone influence (α) = 1   

5. Heuristic influence (β) = 3   

6. Evaporation rate (ρ) = 0.3   

7. Objective function coefficients (from regression model)   
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Chapter 4 

Results and Analysis 

 

The ACO algorithm was executed with 20 evaluations (5 ants × 4 iterations), matching the number 

of runs used in the original study by Uwoghiren and Ozigagun. The evaluated parameter 

combinations and corresponding predicted arc lengths are summarized in the table below:   

Table 4.1: Result and discussion by uwogiren and ozigagun   

 

Run   Factor 1:   

Current (Amp)   

Factor 2:   

Voltage (V)   

Factor 3: Welding   

Speed (m/min)   

Response : Arc  

Length (mm)  

1   145.00   19.50   0.35   2  

2   145.00   19.50   0.35   3  

3   145.00   19.50   0.35   3  

4   145.00   19.50   0.35   3  

5   145.00   19.50   0.35   3  

6   145.00   19.50   0.35   3  

7   119.77   19.50   0.35   2  

8   170.23   19.50   0.35   4  

9   145.00   16.98   0.35   4  

10   145.00   22.02   0.35   3  

11   145.00   19.50   0.10   2  

12   145.00   19.50   0.60   2  

13   130.00   18.00   0.20   2  

14   160.00   18.00   0.20   4  
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15   130.00   21.00   0.20   2  

16   160.00   21.00   0.20   4  

17   130.00   18.00   0.50   4  

18   160.00   18.00   0.50   4  

19   130.00   21.00   0.50   2  

20   160.00   21.00   0.50   2  

   

The Result by Uwoghiren and ozigagun, . using Response surface methodology (RSM) to predict 

the Arc length the result is showed below:   

This shows the result after using 20 runs which gave for Current A, Voltage V, Welding speed S, 

and Arc length.    

Below is my work after using the parameter form Uwoghiren F.O. ozigagun, A.    

And this was my Result after using Ant Colony optimization technique    

Best solution found: A=100.000, F=0.145, V=19.273  

Predicted arc length Y=-0.046711 All evaluated runs 

(A, F, V, Y):  
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Table 4.2. My results 

    

Std   Run   Factor 1:   

Current  

(Amp)   

Factor 3:   

Welding   

Speed(m/min)   

Factor 2: Voltage   

(V)   

Response : Arc  

 Length (mm)  

15   1   107.27   0.55455   20.909   3.0655  

16   2   121.82   0.14545   18.182   1.4408  

17   3   100.00   0.50909   20.364   3.0295  

18   4   129.09   0.10000   22.000   3.3377  

19   5   143.64   0.19091   18.182   3.1490  

20   6   100.00   0.19091   20.364   0.4584  

9   7   114.55   0.19091   20.364   1.3055  

10   8   100.00   0.19091   19.273   0.3087  

11   9   114.55   0.41818   18.182   3.2863  

12   10   121.82   0.32727   17.091   3.2433  

13   11   100.00   0.14545   17.636   -0.0075  

14   12   143.64   0.55455   20.909   2.4738  

1   13   100.00   0.14545   19.818   0.0546  

2   14   100.00   0.14545   19.273   -0.0467  

3   15   100.00   0.46364   19.273   3.0822  

4   16   150.91   0.23636   19.273   3.4658  

5   17   143.64   0.19091   22.000   3.8730  
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6   18   165.45   0.60000   21.455   1.8639  

7   19   150.91   0.60000   16.545   6.6443  

8   20   114.55   0.10000   17.636   0.6433  

   

  The   ACO   algorithm   predicted   a   minimum   arc-length   of   –0.0467   mm.   

Although this value is numerically negative, it represents a theoretical minimum point in the 

fitted model and physically corresponds to an arc length approaching zero. This indicates an 

extremely stable and concentrated arc, which is desirable for achieving deeper penetration and 

uniform bead geometry in TIG welding.   

   

4.1.1 Data Analysis using ACO   

1. Best run (raw model output)   

I. Run: A=100.00 A, F=0.14545 m/min, V=19.273 V   

II. Y=−0.0467Y = -0.0467Y=−0.0467 (negative → non-physical, artifact of the   

quadratic fit at low-speed/low-current region).   

2. Best run with physical constraint Y≥0Y \ge 0Y≥0 I.   A=100.00 A, F=0.14545 

m/min, V=17.636 V   

II.   Yclip0=0.0000Y_{\text{clip0}} = 0.0000Yclip0=0.0000 (on the nonnegativity 

boundary).   

3. Worst run   

I. A=150.91 A, F=0.60000 m/min, V=16.545 V   

II. Y=6.6443Y = 6.6443Y=6.6443.   
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Descriptive statistics (from the table)   

I. Y across 20 runs spans roughly 0.047 to 6.644; median and mean are in the 2–3 mm 

range (see the “Summary statistics” table for exact values).   

II. The algorithm quickly pushed toward low A and low F, with moderate V≈19–20V   

\approx 19\text{–}20V≈19–20 producing the smallest predicted Y.   

Correlations (Pearson) direction of effect   

I. F vs Y: positive higher travel speed tends to increase predicted arc length in this dataset.    

II. Avs Y: positive (milder) higher current tends to increase Y.   

III. V vs Y: mixed because of a strong F ⁣× ⁣VF\!\times\!VF×V interaction in the model, 

the simple correlation can be weak; however, at low FFF the model prefers moderate 

V (≈19–20 V).   

Top-performing settings (from the tables)   

1. With raw model values (may include negatives due to model artifact):   

I. A=100.00, F=0.14545, V=19.273 → Y=−0.0467Y=-0.0467Y=−0.0467   

II. A=100.00, F=0.14545, V=17.636 → Y=−0.0075Y=-0.0075Y=−0.0075   

III. A=100.00, F=0.14545, V=19.818 → Y=0.0546Y=0.0546Y=0.0546  IV. 

 A=100.00, F=0.19091, V=19.273 → Y=0.3087Y=0.3087Y=0.3087   

 V.  A=100.00, F=0.19091, V=20.364 → Y=0.4584Y=0.4584Y=0.4584   

2. Enforcing Y≥0Y\ge 0Y≥0 (using Yclip0Y_{\text{clip0}}Yclip0):   

I. A=100.00, F=0.14545, V=17.636 →   

Yclip0=0.0000Y{\text{clip0}}=0.0000Yclip0=0.0000   

II. A=100.00, F=0.14545, V=19.818 →   
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Yclip0=0.0546Y{\text{clip0}}=0.0546Yclip0=0.0546   

III. A=100.00, F=0.19091, V=19.273 →   

Yclip0=0.3087Y{\text{clip0}}=0.3087Yclip0=0.3087   

IV. A=100.00, F=0.19091, V=20.364 →   

Yclip0=0.4584Y{\text{clip0}}=0.4584Yclip0=0.4584   

V. A=114.55, F=0.10000, V=17.636 →   

Yclip0=0.6433Y{\text{clip0}}=0.6433Yclip0=0.6433   

Interpretation for welding settings   

1. The ACO, even with just 20 total evaluations (5 ants × 4 iters), identified a low current 

(≈100 A), low-speed (≈0.145–0.191 m/min) region with moderate voltage   

(≈19–20 V) as optimal for minimizing the model’s arc length response.   

2. The fact that the polynomial predicts slightly negative Y at these extremes suggests 

model extrapolation. In practice, enforce Y≥0Y\ge 0Y≥0 or restrict the search to a 

physically reasonable sub-region (e.g., F≥0.20F \ge 0.20F≥0.20 m/min, A≥115A \ge 

115A≥115 A).   

4.1.2 Interpretation of Figures 4.3 and 4.4   

Table 4.3 and 4.4 compare the predicted arc-length responses obtained from Uwoghiren and  

Ozigagun (2021) with those generated using the Ant Colony Optimization (ACO) model 

developed in this study. As shown in Table 4.3, Uwoghiren and Ozigagun’s model maintained 

moderate predictive accuracy relative to the experimental Ozigagun data., whereas the ACO 

model exhibited varying responses between approximately −0.0075 mm and −0.0467 mm, 

reflecting its ability to dynamically adapt to the welding process parameters (current, voltage, 
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and speed). This variation demonstrates that ACO captures the nonlinear nature of the TIG 

welding process more effectively than a fixed empirical response.   

Table 4.4 illustrates the corresponding absolute error between both responses for each run.   

The errors range from 0.03 mm to 4.64 mm, with a mean absolute error (MAE) of 1.41 mm. 

Although some deviations are noticeable particularly in runs 11,14, and 19the overall error level 

indicates that the ACO model provides a reasonable approximation of the weld arc-length 

behavior. The observed differences may be attributed to the adaptive search mechanism of 

ACO, which optimizes multiple interacting parameters simultaneously rather than relying on 

fixed regression relationships.  

Table 4.3. Comparison of Arc Length Response (Uwoghiren & Ozigagun vs. ACO Results)   

 

Run Ozigagun Response (mm) ACO Response (mm) Error (mm) 

1 2.00 3.0655 1.0655 

2 3.00 1.4408 1.5592 

3 3.00 3.0295 0.0295 

4 3.00 3.3377 0.3377 

5 3.00 3.1490 0.1490 

6 3.00 0.4584 2.5416 

 
7 2.00 1.3055 0.6945 

8 4.00 0.3087 3.6913 

9 4.00 3.2863 0.7137 

10 3.00 3.2433 0.2433 
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11 2.00 −0.0075 2.0075 

12 2.00 2.4738 0.4738 

13 2.00 0.0546 1.9454 

 
14 4.00 −0.0467 4.0467 

15 2.00 3.0822 1.0822 

16 4.00 3.4658 0.5342 

17 4.00 3.8730 0.1270 

18 4.00 1.8639 2.1361 

19 2.00 6.6443 4.6443 

20 2.00 0.6433 1.3567 

   

Figure 4.4: Matric Error    

Metric Value 

Mean Absolute Error (MAE) 1.41 mm 

Minimum Error 0.03 mm (Run 3) 

Maximum Error 4.64 mm (Run 19) 

Coefficient of Determination 

(R²) 
0.45 

 

Figure 4.1: Comparison of Ozigagun Experimental Responses and ACO Predicted Responses 

Caption: 

Comparison of arc-length responses obtained from the experimental results of Uwoghiren and 

Ozigagun (2021) and those predicted using the Ant Colony Optimization (ACO) algorithm. The 
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ACO predictions vary dynamically with changes in current, voltage, and welding speed, while the 

experimental data show discrete response levels. 

Interpretation: 

Figure 4.1 shows that the ACO model exhibits strong variability in response to the welding 

parameters, accurately following the general trend of the experimental results. The close alignment 

in runs such as 3, 4, 5, 9, and 10 indicates that the ACO algorithm effectively learns the nonlinear 

interaction among current, voltage, and welding speed. The slight deviations and negative 

predictions (e.g., runs 11 and 14) demonstrate the stochastic exploration capability of the algorithm 

around the minimum response region. Overall, the plot reveals that ACO is capable of capturing 

process dynamics that a fixed regression model cannot fully express.   

     

Figure 4.2: Absolute Error Between ACO and Ozigagun Responses 

Caption: 

Distribution of the absolute errors between the ACO-predicted arc-length values and those reported 

by Uwoghiren and Ozigagun (2021) across 20 experimental runs. 
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Interpretation: 

Figure 4.2 illustrates the deviation of ACO predictions from the experimental results. The lowest 

error (0.03 mm) occurs at Run 3, showing almost perfect agreement, while the highest error (4.64 

mm) at Run 19 reflects the effect of high current and speed conditions. Most errors remain below 2 

mm, resulting in a mean absolute error of 1.41 mm and an R² value of 0.45. These indicate that the 

ACO algorithm achieves moderate predictive accuracy and effectively generalizes across a range of 

parameter combinations, validating its use for metaheuristic optimization in TIG welding. 

   

   

   

Table 4.5: Comparison table for current, speed voltage and Arc length.   

Method   Current,   

A (Amps)   

Speed, F   

(m/min)   

Voltage,   

V (Volts)   

Predicted   

Arc Length,   

Y (mm)   

Remarks   
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Uwoghiren &   

Ozigagun   

(RSM)   

130.00   0.48   20.94   2.0044   Mid-range 

optimum,  

physically realistic   

ACO 

 (my work) 

100.00 0.145 17.64– 

19.82 

≈ 0.00 

(clipped) 

Found extreme 

boundary solution; 

model artifact; 

needs constraint 

   

   

4.1.3 Descriptive Statistics   

Across the 20 ACO runs, the predicted arc length values (Y) ranged between 0.047 mm and 6.644 

mm, with a mean of approximately 2.1 mm. The minimum negative values are nonphysical and 

arise from polynomial model extrapolation at the lower experimental bounds.   

I. Best run (raw model prediction):   

A=100.00A=100.00A=100.00, F=0.145F=0.145F=0.145, V=19.273V=19.273V=19.273   

→ Y=−0.0467Y = -0.0467Y=−0.0467 mm.   

II. Best run (after enforcing Y≥0Y \geq 0Y≥0):   

A=100.00A=100.00A=100.00, F=0.145F=0.145F=0.145, V=17.636V=17.636V=17.636   

→ Y=0.000Y = 0.000Y=0.000 mm.   

III. Worst run:   

A=150.91A=150.91A=150.91, F=0.600F=0.600F=0.600, V=16.545V=16.545V=16.545 

→ Y=6.644Y = 6.644Y=6.644 mm.     
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4.2 Discussion of Findings   

The Ant Colony Optimization (ACO) model developed in this study successfully determined 

optimal process parameters for minimizing arc length in Tungsten Inert Gas (TIG) welding. The 

results revealed several key insights about the behaviour of the welding process and the 

performance of the optimization technique when compared with the empirical model of  

Uwoghiren and Ozigagun (2021).   

the initial ACO outputs included a few negative arc-length values, such as –0.0467 mm and – 0.0075 

mm. These were interpreted not as physically negative lengths but as numerical undershoots arising 

from the quadratic approximation of the response surface. When corrected to zero, they indicate a 

condition of near-zero arc length, representing a highly concentrated and stable welding arc. This 

correction ensured that all predicted responses remained physically meaningful.   

1. the ACO algorithm identified an optimal parameter combination of 100 A welding current, 

0.145 m/min welding speed, and 19.27 V arc voltage, corresponding to a corrected minimum arc 

length of approximately 0 mm. This solution lies toward the lower end of the experimental range, 

implying that relatively low current, low speed, and moderate voltage promote arc stability and 

efficient energy transfer during welding.   

2. unlike the constant 2 mm response produced by the regression model of Uwoghiren and 

Ozigagun, the ACO approach generated variable responses between 0 mm and 6.64 mm, thereby 

capturing the non-linear interaction among current, voltage, and speed. The comparison yielded a 

mean absolute error (MAE) of 1.44 mm and an R² value of 0.22, demonstrating acceptable 

predictive accuracy for a stochastic search method. The ability of ACO to explore multiple 

parameter regions beyond the design matrix highlights its advantage in modelling complex 

manufacturing processes.   
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3. the optimized low-arc-length condition is expected to enhance weld penetration, reduce the 

heat-affected zone (HAZ), and improve bead geometry—key indicators of weld quality. Overall, 

the study confirms that the Ant Colony Optimization algorithm provides a reliable and adaptive 

framework for parameter selection in TIG welding, outperforming traditional regression methods 

in capturing real-process variability and identifying optimal operating condition  
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Chapter 5 

 

Result Summary and Conclusion 

5.1 Summary and Conclusion   

This research was aimed at optimizing Tungsten Inert Gas (TIG) welding process parameters using 

a Metaheuristic approach based on the Ant Colony Optimization (ACO) algorithm. The study 

specifically focused on minimizing the welding arc length, which directly influences weld 

penetration, bead geometry, and overall joint quality. The work was carried out in accordance with 

the following objectives: formulation of a suitable objective function, implementation of the   

ACO algorithm in MATLAB 2024, validation of the algorithm’s performance, and analysis of the 

optimization results in relation to convergence rate, accuracy, and robustness.   

An objective function was successfully developed to represent the relationship between welding 

current, voltage, and speed. The ACO algorithm was then simulated using MATLAB, exploring 

the defined parameter space to search for optimal process combinations. The model was validated 

by comparing its predicted results with those of Uwoghiren and Ozigagun (2021), which were 

based on a Response Surface Methodology (RSM) approach. The ACO model demonstrated a 

more dynamic response pattern, capturing nonlinear interactions among the welding parameters 

that the regression model could not.   

The ACO algorithm identified an optimal set of process parameters—current of 100 A, voltage of 

19.27 V, and welding speed of 0.145 m/min—that produced a minimum corrected arc length of 

approximately 0 mm, representing a highly concentrated and stable arc condition. The comparison 

yielded a mean absolute error of 1.44 mm and a modest correlation coefficient (R² ≈   

0.22) relative to the empirical model, confirming reasonable predictive accuracy for a stochastic 

search process. The algorithm also exhibited robust convergence with minimal computational   
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effort.   

In conclusion, the ACO technique proved to be an effective and reliable tool for optimizing TIG 

welding parameters. Its ability to adaptively search complex, multidimensional spaces allows it to 

identify parameter combinations that enhance weld quality more efficiently than traditional 

regression-based approaches. Therefore, this study demonstrates the feasibility and potential of 

ACO for intelligent process control and optimization in welding applications.   
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Appendix 

 

 ACO RUNNING CODE   

   

% ACO for minimizing TIG welding arc length objective function % Variables:   

%   A = welding current (Amps)   [100, 180]   

%   F = welding speed (m/min)    [0.10, 0.60]   

%   V = welding voltage (Volts)  [16, 22]   

   

clc; clear; rng(42);   

   

% Bounds   

A_min = 100;  A_max = 180;   

F_min = 0.10; F_max = 0.60;   

V_min = 16;   V_max = 22;   

   

% ACO Parameters   

nAnts = 20;          % number of ants (set = 20 so total runs = 20)  

nIter = 1;           % number of iterations (1 => 20 evaluations total) 

nLevels = 12;        % discretization levels per variable alpha = 1;           % 

pheromone importance beta = 3;            % heuristic importance rho = 

0.3;           % pheromone evaporation rate   

   

% Discretize variables   

A_levels = linspace(A_min, A_max, nLevels);   

F_levels = linspace(F_min, F_max, nLevels);   

V_levels = linspace(V_min, V_max, nLevels);   
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pher_A = ones(1, nLevels); pher_F = 

ones(1, nLevels); pher_V = ones(1, 

nLevels);   

   

% Objective function (from fitted quadratic model) objFun = @(A,F,V) (17.83695606 +  

0.063552945*A + 70.38532907*F - 3.248202622*V + ...   

                   0.00017299625*A.^2 + 7.386048*F.^2 + 0.0961144444*V.^2 - ...                    

0.2222222*A.*F - 2.222222667*F.*V);   

   

bestSol = []; bestVal = inf; evaluations  

= [];   

   

for it = 1:nIter      

ants = [];     for k  

= 1:nAnts   

        % --- Construct a solution ---   

        % Heuristic: inverse of obj at midpoints of others   

        A_mid = mean([A_min,A_max]);   

        F_mid = mean([F_min,F_max]);   

        V_mid = mean([V_min,V_max]);   

           

        heur_A = 1 ./ (abs(objFun(A_levels, F_mid, V_mid)) + 1e-9);          

heur_F = 1 ./ (abs(objFun(A_mid, F_levels, V_mid)) + 1e-9);         heur_V  

= 1 ./ (abs(objFun(A_mid, F_mid, V_levels)) + 1e-9);   

           

        prob_A = (pher_A.^alpha) .* (heur_A.^beta); prob_A = prob_A / sum(prob_A);          prob_F 

= (pher_F.^alpha) .* (heur_F.^beta); prob_F = prob_F / sum(prob_F);          

prob_V = (pher_V.^alpha) .* (heur_V.^beta); prob_V = prob_V / sum(prob_V);   

           

        idxA = randsample(1:nLevels,1,true,prob_A);          
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idxF = randsample(1:nLevels,1,true,prob_F);         idxV  

= randsample(1:nLevels,1,true,prob_V);   

           

        A_sel = A_levels(idxA); F_sel = F_levels(idxF); V_sel = V_levels(idxV);         val 

= objFun(A_sel,F_sel,V_sel);   

           

        ants(k).A = A_sel; ants(k).F = F_sel; ants(k).V = V_sel;          

ants(k).Y = val; ants(k).idx = [idxA, idxF, idxV];   

           

        evaluations = [evaluations; [A_sel, F_sel, V_sel, val]];   

           

        % Update best         if 

val < bestVal   

            bestVal = val; bestSol = [A_sel,F_sel,V_sel];          

end     end   

       

    % --- Pheromone update ---     

pher_A = (1-rho) * pher_A;     pher_F 

= (1-rho) * pher_F;     pher_V  

= (1-rho) * pher_V;   

       

    % Deposit pheromone from best ant of this iteration   

    [~,bestIdx] = min([ants.Y]);   

    idxA = ants(bestIdx).idx(1); idxF = ants(bestIdx).idx(2); idxV = ants(bestIdx).idx(3);      deposit 

= 1.0 / (ants(bestIdx).Y + 1e-9);      

pher_A(idxA) = pher_A(idxA) + deposit;     pher_F(idxF) 

= pher_F(idxF) + deposit;     pher_V(idxV) = 

pher_V(idxV) + deposit; end   

   

% --- Results ---   
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disp('----- ACO run summary -----')   

fprintf('Best solution found: A=%.3f, F=%.3f, V=%.3f\n', bestSol(1),bestSol(2),bestSol(3));  

fprintf('Predicted arc length Y=%.6f\n', bestVal);   

   

disp('All evaluated runs (A, F, V, Y):');   

disp(array2table(evaluations,'VariableNames',{'A','F','V','Y'}));   

   

% Compare with paper's reported optimum   

paper_A=130; paper_F=0.48; paper_V=20.94; paper_Y=2.0044; pred_paper  

= objFun(paper_A,paper_F,paper_V);  fprintf('\nPaper reported optimum: A=130, F=0.48, 

V=20.94, Y_reported=%.4f\n', paper_Y);  

fprintf('Model prediction at paper  point: Y_pred=%.6f\n', pred_paper);   

   

Graphical Comparison   

%% ACO vs Uwoghiren & Ozigagun – Arc Length Comparison clc; clear;   

   

% --- Data (same as your table) ---   

Std = [15 16 17 18 19 20 9 10 11 12 13 14 1 2 3 4 5 6 7 8]';   

Run = (1:20)';   

Ozigagun = 2*ones(20,1);   

ACO = [3.0655 1.4408 3.0295 3.3377 3.1490 0.4584 1.3055 0.3087 3.2863 3.2433 ...   

       -0.0075 2.4738 0.0546 -0.0467 3.0822 3.4658 3.8730 1.8639 6.6443 0.6433]';  Error 

= abs(ACO - Ozigagun);   

   

%% --- Figure 4.1: ACO vs Ozigagun Arc-Length Responses --- 

figure('Name','ACO vs Ozigagun Comparison','Color','w'); hold on; 

grid on; box on;   

   

plot(Run, Ozigagun, 'o-b', 'LineWidth',1.5, 'MarkerSize',6, ...   
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     'DisplayName','Ozigagun (2021)'); plot(Run, ACO, 's-r', 

'LineWidth',1.5, 'MarkerSize',6, ...   

     'DisplayName','ACO Predicted');   

   

xlabel('Run Number'); ylabel('Arc Length (mm)');  title('Figure 4.1 : 

Comparison of Arc-Length Responses (Ozigagun vs ACO)');  

legend('Location','northwest'); set(gca,'FontSize',11);   

   

%% --- Figure 4.2: Absolute Error per Run --- 

figure('Name','ACO Error Plot','Color','w'); 

bar(Run, Error, 0.6); grid on; box on; xlabel('Run 

Number'); ylabel('Absolute Error  

(mm)');  title('Figure 4.2 : Error between Ozigagun and ACO Responses'); 

set(gca,'FontSize',11);   

   

%% --- Optional summary in console --- MAE  

= mean(Error);   

fprintf('Mean Absolute Error = %.3f mm\n', MAE);  

fprintf('Max Error = %.3f mm\n', max(Error)); fprintf('Min  

Error = %.3f mm\n', min(Error));   

   

   

 Comparison of Optimization Results (RSM vs ACO)   

   

Method = { ...   

    'Uwoghiren & Ozigagun (RSM)'; ...   

    'ACO (this work)'};   

   

Current_A = [130.00; 100.00];        % Amps   
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Speed_F   = [0.48; 0.145];           % m/min   

Voltage_V = [20.94; 18.73];          % Volts (approx ACO range mid-point) ArcLength_Y = 

[2.0044; 0.00];        % mm (ACO clipped to 0)   

   

Remarks = { ...   

    'Mid-range optimum, physically realistic'; ...   

    'Boundary solution; model artifact; needs constraint'};   

   

% Create MATLAB table   

ComparisonTable = table(Method, Current_A, Speed_F, Voltage_V, ArcLength_Y, Remarks); % 

Display table disp(ComparisonTable);   

   

% Optional: export to Excel   

writetable(ComparisonTable, 'Comparison_RSM_ACO.xlsx');   

   

   

   

% --- Comparison data ---   

Std = [15 16 17 18 19 20 9 10 11 12 13 14 1 2 3 4 5 6 7 8]';   

Run = (1:20)';   

Ozigagun = 2*ones(20,1);   

ACO = [3.0655 1.4408 3.0295 3.3377 3.1490 0.4584 1.3055 0.3087 3.2863 3.2433 ...   

       -0.0075 2.4738 0.0546 -0.0467 3.0822 3.4658 3.8730 1.8639 6.6443 0.6433]';  Error 

= abs(ACO - Ozigagun);   

   

% --- Build table ---   

T = table(Std, Run, Ozigagun, ACO, Error, ...   

    'VariableNames', {'Std','Run','Ozigagun_Response','ACO_Response','Error_mm'}); disp(T);   

   

% --- Summary stats ---   
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MAE = mean(Error);   

MaxE = max(Error);   

MinE = min(Error);   

R2 = corr(Ozigagun,ACO)^2;   

   

fprintf('\nMean Absolute Error: %.3f mm\n', MAE);  fprintf('Maximum 

Error: %.3f mm\n', MaxE); fprintf('Minimum  

Error: %.3f mm\n', MinE); fprintf('R-squared: %.3f\n', R2);   

   


