APPLICATION OF METAHEURISTIC IN THE OPTIMIZING TIG WELDING OF

MILD STEEL

BY

PERSIS OGHENETEGA OJADA

ENG2006323

DEPARTMENT OF INDUSTRIAL ENGINEERING

FACULTY OF ENGINEERING

UNIVERSITY OF BENIN

NOVEMBER 2025



CERTIFICATION

This is to certify that this research work on the “Application of Metaheuristic In The
Optimizing Tig Welding Of Mild Steel” was carried out by ENG2006323 of the Department

of Industrial Engineering, University of Benin, Benin City.

Engr. Dr. E. Ebojoh Date

Supervisor

Engr. Dr. EIM Etuk Date

Project Coordinator

Prof. P.E Amiolemhem Date

Head of Department



DEDICATION

This project is dedicated to Jehovah God who is the Giver of life and source of wisdom for his

undeserved kindness, protection and knowledge.



ACKNOWLEDGEMENT

My profound gratitude goes to Jehovah God who has sustained me all my life.

I want to sincerely appreciate my project supervisor, Engr. (Dr.)E. Ebojoh for his patience, care

and guidance during this research study.

Special thanks to the Head of Department of Production Engineering, Prof. P.E Amiolemhem
and all the other lecturers in the Department of Production Engineering, University of Benin,

for their support and inspiration in one way or another.

Special thanks to Engr. (Dr.) N.H Osadiaye for being the best course advisor throughout my

stay in the university of Benin. God bless you sir for all you have done.

I sincerely want to appreciate my parents; Mr and Mrs Lucky Ojada for their unwavering
support, love and all the sacrifices they have in my life. To my only sibling, Unison, I am

grateful for your support this period.

To my project group members; Joseph, Chris, Divine, Ogaga, Enofe and Chuks I really want
to express my profound gratitude for making this process easy and for your support on

numerous occasions. God bless you all.

To all who have contributed in one way or another during this project, I am really grateful, and

God bless you.



ABSTRACT

The growing demand for high quality welds in engineering fabrication has necessitated the
development of computational tools that can predict and optimize welding parameters for
improved performance. This research is aimed at the Application of Metaheuristic in The
Optimizing Tig Welding Of Mild Steel focuses on enhancing the mechanical properties of mild

steel welds using a Genetic Algorithm (GA) optimization framework

The methodology employed integrates empirical data and computational optimization
techniques. The optimization process involved several key steps: data pre-processing and
normalization, regression based model development for each mechanical response, formulation
of a composite desirability objective function, and implementation of the Genetic Algorithm
(GA) for multi objective optimization. MATLAB 2024 was used to execute the algorithm, with
the GA configured for 80 population size, 200 generations, 25 number of runs, and adaptive

feasible mutation. The entire process was coded and executed in MATLAB.

The GA successfully identified the optimal combination of welding parameters that produced
superior weld quality. The optimal input parameters were found to be welding current = 215
A, welding voltage = 21.0 V, welding speed = 120 mm/s, and gas flow rate = 12 L/min. The
corresponding optimized responses were hardness = 270 BHN, yield strength = 285 MPa,
percentage elongation = 26%, tensile strength = 490 MPa, shear stress = 355 MPa, and impact
energy = 94 J. The predicted results were compared with experimental findings from literature,
and the values were found to be in good agreement, confirming the accuracy of the developed

model for process optimization and validation.
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CHAPTER ONE

INTRODUCTION

The continuous advancement in manufacturing and fabrication industries has led to the
development of numerous welding techniques designed to achieve high quality joints with
superior mechanical performance. Among these, Tungsten Inert Gas (TIG) welding, also
referred to as Gas Tungsten Arc Welding (GTAW), stands out for its precision, versatility, and
ability to produce defect free welds on a variety of metals. The process is particularly effective
for mild steel, which is extensively used in structural, automotive, and construction applications

due to its good formability, weldability, and moderate strength (Singh & Sharma, 2020).

However, achieving optimal weld quality in TIG welding is challenging because the
mechanical properties of the welded joint depend on several interacting parameters, including
welding current, welding voltage, gas flow rate, and welding speed. These parameters
collectively determine the heat input, cooling rate, and solidification behaviour of the weld
pool, which in turn influence responses such as hardness, tensile strength, yield strength,
elongation, shear strength, and impact energy (Kumar & Yadav, 2018). Selecting the wrong
combination of these parameters may result in weld defects, reduced mechanical strength, and

inconsistent joint performance.

To address this challenge, recent research has shifted toward the use of computational
intelligence and optimization techniques for process modelling and prediction. Traditional
optimization methods such as Taguchi design and Response Surface Methodology (RSM)
provide useful insights but are often inadequate for handling nonlinear, multi-variable, and
multi-objective problems typical of welding processes (Myers, Montgomery, & Anderson-

Cook, 2016).



This has led to the growing adoption of metaheuristic algorithms, which are capable of
efficiently searching large and complex solution spaces without being trapped in local optima.
Among these, the Genetic Algorithm (GA) has emerged as a powerful and flexible optimization
technique inspired by the process of natural selection and genetic evolution (Goldberg, 1989).
GA can simultaneously optimize multiple responses and identify the most suitable combination
of process parameters that yield the desired mechanical and metallurgical properties (Deb,

2001).

The present study applies the Genetic Algorithm to optimize and predict the mechanical
properties of mild steel welded joints in TIG welding. By analysing key process parameters
and validating results with experimental data from Chuka et al. (2022), the research
demonstrates how metaheuristic optimization can serve as a reliable tool for improving weld
quality, minimizing experimental costs, and enhancing predictive accuracy in modern welding

applications.

1.1 Background of the Study

Welding is one of the most important processes in manufacturing and fabrication, providing a
permanent joint between two or more metallic parts. It plays a crucial role in industries such as
construction, automotive, aerospace, and energy. Among the different welding techniques,
Tungsten Inert Gas (TIG) welding, also known as Gas Tungsten Arc Welding (GTAW), is
widely recognized for producing high quality and defect free welds (Rao, 2019). TIG welding
utilizes a non consumable tungsten electrode to produce an electric arc between the electrode
and the workpiece, while an inert shielding gas such as argon or helium protects the molten

pool from atmospheric contamination.

The mechanical and metallurgical properties of welded joints depend significantly on several

process parameters including welding current, welding voltage, gas flow rate, and welding
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speed (Kumar & Yadav, 2018). These parameters determine the heat input, cooling rate, and
penetration depth, which in turn influence the weld bead geometry, hardness, tensile strength,
ductility, and impact toughness. For mild steel, a material widely used due to its ductility,
weldability, and cost effectiveness, optimizing these parameters is essential to ensure consistent

and reliable weld quality (Singh & Sharma, 2020).

Traditional optimization techniques, such as full factorial design, Taguchi methods, and
response surface methodology (RSM), have been applied to determine optimal welding
parameters. However, these methods are limited when handling nonlinear and multi objective
problems, which are common in welding processes (Myers, Montgomery, & Anderson-Cook,
2016). In contrast, metaheuristic algorithms such as Genetic Algorithms (GA), Particle Swarm
Optimization (PSO), and Simulated Annealing (SA) offer more flexible and robust tools for
process optimization because they can efficiently search large and complex solution spaces

without requiring gradient information (Deb, 2001; Goldberg, 1989).

The integration of TIG welding experiments with metaheuristic optimization techniques
enables researchers to predict and optimize mechanical properties more accurately and
efficiently. Studies by Sahu and Datta (2018) and Chuka et al. (2022) demonstrated that GA
can be effectively used to optimize multiple responses such as tensile strength, hardness, and
impact energy simultaneously. This study builds upon such findings by focusing on the
application of GA to optimize and predict mild steel geometry composition and mechanical

responses based on key TIG welding parameters.

1.2 Statement of the Problem

Irrespective of the significant improvements in welding, many industrial processes continue to
experience inefficient energy utilization, excessive thermal input and variability in weld quality.

This is because of improper selection process parameters which affect the arc efficiency and
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thermal efficiency. On many occasions, the operator’s experience or empirical parameter
studies determines the optimisation although it does not capture the complex, nonlinear

interactions among process variables.

The compelling need for a data driven and more systematic approach to handle the multi-
objective nature of the optimisation problem while it is being flexible arises. The problem
results in lack of identification of the most effective set of welding parameters that achieve the

maximum thermal and arc efficiencies while maintaining the weld integrity.

This study aims at addressing this challenge by making use of Genetic Algorithm and Particle
Swarm Optimisation to identify the most effective welding parameters. Analysing the
performance of both will reveal the strengths and weaknesses of both in solving practical

welding optimisation tasks.

1.3 Aim and Objectives

The aim of this research is to predict and optimise mild steel geometry composition using

Genetic Algorithm.

To achieve the aim, the following objectives will be pursued:

1. to formulate an objective function based on welding process parameters.
ii.  to choose appropriate input parameter and their factor level.
iii.  to apply metaheuristic technique; Genetic Algorithm by simulating the algorithms using
MATLAB 2024.

iv.  to validate the result.



1.4 Scope of the Study

This research focuses on the application of a Genetic Algorithm (GA) for optimising and
predicting the mechanical properties of mild steel during welding. It is limited to welding
parameters such as welding current, welding voltage, welding speed and gas flowrate. The
output responses considered include hardness, yield strength, percentage elongation, tensile
strength, shear strength, and impact energy which collectively determine the performance and
structural integrity of the welded joints. Only Genetic Algorithm will be used for the

optimisation process with MATLAB as the simulation environment.

1.5 Significance of the Study

The significance of this study lies in its contribution to improving welding quality, process
efficiency, and predictive capability through the use of metaheuristic optimization techniques,
specifically the Genetic Algorithm (GA). The findings are expected to benefit both academic

research and industrial practice in several key ways.

1. the study provides a scientific and computational framework for understanding how
critical TIG welding parameters such as current, voltage, gas flow rate, and welding
speed interact to influence mechanical properties like hardness, tensile strength, and
impact energy. This knowledge is crucial for welders, engineers, and researchers
aiming to produce consistent, high quality welds.

ii.  the adoption of the GA eliminates the limitations of traditional trial and error and
statistical methods by offering a systematic, data driven approach capable of finding
global optima in nonlinear and multi response systems. This leads to improved accuracy
and reliability in determining optimal welding parameters.

iii. by validating the model using published experimental results (Chuka et al., 2022), this

study ensures practical applicability and provides confidence in using computational
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optimization as an alternative to extensive laboratory trials. This results in significant

savings in time, cost, and materials, which are vital in industrial settings.

Furthermore, the research contributes to the growing body of knowledge on metaheuristic
optimization in welding engineering, demonstrating the potential of GA in predicting
mechanical performance and guiding future studies on hybrid algorithms or other advanced

welding materials.

Ultimately, this study enhances the efficiency, productivity, and quality control of TIG welding
operations and supports the broader movement toward intelligent, data-driven manufacturing

systems in engineering practice.



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction

This chapter reviews relevant literature related to TIG welding processes, the mechanical
behaviour of mild steel, welding parameter effects, and the application of metaheuristic
optimization techniques particularly the Genetic Algorithm (GA) in predicting and optimizing
welding performance. The review provides a theoretical background and highlights past

research efforts that form the foundation for the present study.

2.2 Overview of Welding Processes

Welding is a thermal process used to join two or more metallic parts by melting and fusing
them together. The process is critical in manufacturing, fabrication, and repair applications
across industries such as construction, automotive, and energy (Rao, 2019). Welding processes
are generally classified into arc welding, resistance welding, solid-state welding, and gas

welding techniques (Myers, Montgomery, & Anderson Cook, 2016).

Among these, arc welding remains the most widely used due to its versatility, cost-

effectiveness, and ability to join a wide range of materials. Arc welding processes include:

2.2.1 Shielded Metal Arc Welding (SMAW):

This is also known as the manual metal arc, and it is one of the oldest and most widely practised
arc welding methods. It uses a flux coated consumable electrode that melts to form the weld
while it is releasing shielding gases to protect the molten pool. This method is profitable and
suitable for both indoor and outdoor applications. This makes it very useful for both indoor and

outdoor applications especially in construction, repairs and pipeline construction.



Advantages of SMAW are:

i. It is suitable for many types of metals.
ii. It works in windy or outdoor environments.

iii.  Itis also a cheap equipment.

Disadvantages of SMAW are:

1. It requires skilled operators.

ii. It has a slower deposition rate.

2.2.2 Gas Metal Arc Welding or Metal Inert Gas (GMAW/MIG):

Gas Metal Arc Welding (GMAW) uses a continuous wire feed electrode and an externally
supplied shielding gas like Argon. This process is a semi automatic or fully automatic process
that allows high deposition and clean welds. Gas Metal Arc Welding is used in the automotive,

manufacturing and fabrication industries due to its efficiency and because it is easy to use.

Advantages are:

1. It is easily automated for production.
ii. It has minimal slag and clean up.

iii. It has high productivity.

Some of its disadvantages are:

1. Itis not so effective on rusted or dirty surfaces.
ii.  Itis expensive.

mi. It is sensitive to wind.



2.2.3 Flux Cored Arc Welding (FCAW):

Like the GMAW, Flux Cored Arc Welding uses a hollowed wire electrode filled with flux. It
can be operated with a shielding gas or without a shielding gas and this depends on the
composition of the flux. This method combines deep penetration and high deposition rates, and

it is commonly used in heavy equipment repairs, shipbuilding and structural steel applications.

Advantages of FCAW are:

i. It is effective on thick materials.
ii.  Itis effective on dirty surfaces.
iii. It has a high deposition rate.

iv. It can be used with self shielding flux.

Some of its disadvantages are:

1. Itrequires a more complex wire feeding system.
ii. It has heavier and bulkier welding guns.

iii.  The slag formation requires post weld cleaning.

2.2.4 Submerged Arc Welding (SAW):

Submerged Arc Welding uses a continuously supplied consumable electrode along with a
blanket of granular flux that entirely conceals the welding arc. This method is primarily utilised
for welding thick materials at high speeds especially in automated operations. The flux serves
to shield the arc and molten weld pool from atmospheric contamination while also enhancing

the welds metallurgical characteristics.

Its advantages include:

1. High deposition rate and deep penetration to produce strong joints



ii.  Excellent weld quality

iii. It produces smooth and uniform beads that require little to no after weld finishing.

iv. It ensures minimal arc visibility making the process safer and more comfortable for
operators.

v.  The process is largely machine controlled, reducing the dependency on operator

expertise.

Its disadvantages include the following:

i.  Limited to horizontal positions.
ii.  Requires dedicated automation.

1ii.  Not suitable for thin materials.

2.2.5 Tungsten Inert Gas (TIG) Welding

TIG welding, also known as Gas Tungsten Arc Welding (GTAW), is a non-consumable
electrode process in which an electric arc is established between a tungsten electrode and the
workpiece. The arc is shielded by an inert gas, commonly argon or helium, which prevents

oxidation of the molten metal (Kumar & Yadav, 2018).

TIG welding is widely recognized for its ability to produce high quality, precise, and clean
welds, especially in applications requiring thin sections and non ferrous materials (Deb, 2001).
The absence of spatter, the capability for all position welding, and excellent control of heat
input make TIG welding suitable for critical applications such as pressure vessels, pipelines,

and aerospace components (Sahu & Datta, 2018).

However, TIG welding is also sensitive to process parameters. Changes in welding current,

voltage, gas flow rate, and welding speed can significantly affect heat input, penetration, and
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cooling rate, ultimately determining the mechanical properties of the welded joint (Reddy &

Kumar, 2020).

Some advantages include:

i. It is suitable for a wide range of metals.
ii. It produces clean welds.
iii. It produces high quality welds.

iv. It has excellent control over heat input and weld beads.

Disadvantages are:

i. It requires high skilled operators.
ii. It has slower process with lower deposition rates.

1. It is not ideal for thick sections without a filler material.

2.2.6 Effect of Welding Parameters on Mechanical Properties

The mechanical properties of welded joints such as hardness, tensile strength, yield strength,
percentage elongation, shear strength, and impact energy depend largely on the selection and

interaction of welding parameters.

1. Welding Current: The welding current controls the quantity of heat supplied to
the workpiece. An increase in current improves penetration and fusion but may
also cause grain coarsening or burn through if excessive (Rao, 2019).
1.  Welding Voltage: Voltage influences arc length and bead width. Low voltage
produces a concentrated arc, improving penetration, while high voltage widens
the bead but reduces hardness (Kumar & Yadav, 2018).
1. Welding Speed: The speed at which the torch moves affects the cooling rate and

heat distribution. Higher speeds reduce heat input and produce finer
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1v.

microstructures, while slower speeds may result in excessive heat accumulation
(Sahu & Datta, 2018).

Gas Flow Rate: Shielding gas flow maintains arc stability and prevents
oxidation. However, too low a flow rate can cause porosity, and too high a flow

rate can disturb the arc (Singh & Sharma, 2020).

Studies have shown that these parameters interact nonlinearly, making simultaneous

optimization necessary for achieving desired weld properties (Jain & Raj, 2021).

2.2.7 Mechanical Properties of TIG Welded Mild Steel

Mild steel is a low carbon steel alloy known for its ductility, weldability, and moderate strength.

During TIG welding, the localized heat input alters the microstructure of the weld metal and

the heat affected zone (HAZ), leading to variations in hardness and strength (Chuka et al.,

2022).

11.

1il.

1v.

Hardness: Hardness reflects the resistance of the weld metal to deformation. It
is influenced by grain size and phase transformation during cooling.

Tensile Strength and Yield Strength: These properties determine the load-
bearing capacity of the weld joint. Optimal current and voltage combinations
produce fine-grained microstructures that enhance strength.

Percentage Elongation: A measure of ductility, elongation indicates the joint’s
ability to deform plastically before fracture. It often decreases with increased
hardness.

Shear Strength and Impact Energy: These responses assess the weld’s toughness
and resistance to crack propagation. They depend on both heat input and cooling

rate (Reddy & Kumar, 2020).
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Research by Chuka et al. (2022) demonstrated that moderate heat input achieved through
controlled welding current (216 A) and voltage (20.8 V) produces balanced mechanical

responses with high tensile and impact strength.

2.3 Optimization of Welding Parameters

Optimization in welding aims to identify parameter combinations that yield the best overall
mechanical performance. Traditional methods such as Taguchi design and Response Surface
Methodology (RSM) have been widely used (Myers et al., 2016), but these deterministic
approaches often fail to capture the complex nonlinear relationships inherent in welding

Processes.

Metaheuristic algorithms, in contrast, have proven more efficient in solving nonlinear and
multi-objective optimization problems. They rely on stochastic principles inspired by natural
or social phenomena to explore the search space globally (Deb, 2001). Examples include
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Ant Colony Optimization

(ACO), and Simulated Annealing (SA).

In welding optimization, metaheuristics can handle multiple conflicting objectives such as
maximizing strength while maintaining ductility better than classical statistical models

(Ezugwu & Adeyemo, 2017).

2.4 Genetic Algorithm (GA) in Welding Optimization

The Genetic Algorithm (GA) is an evolutionary computation technique inspired by Charles
Darwin’s theory of natural selection. It operates through a population of potential solutions
(chromosomes) that evolve toward optimal results using operations such as selection, crossover,

and mutation (Goldberg, 1989).
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In welding optimization, GA has been successfully applied to determine parameter settings that
maximize multiple mechanical responses simultaneously. Kumar and Yadav (2018) applied
GA to optimize TIG welding parameters for mild steel and achieved significant improvements
in tensile strength and hardness. Similarly, Sahu and Datta (2018) combined GA with
desirability function analysis to optimize TIG parameters and reported a 12% improvement in

joint toughness compared to traditional RSM models.

The advantage of GA lies in its robustness and ability to avoid local optima, making it suitable
for complex process modelling. Its integration with MATLAB also allows for efficient

simulation and prediction of welding responses based on experimental data.

2.5 Application of Metaheuristics in Welding Studies

Several studies have validated the efficiency of metaheuristic algorithms in welding process
optimization. Jain and Raj (2021) highlighted that GA and PSO outperform conventional
optimization methods in accuracy and convergence speed. Reddy and Kumar (2020) optimized

TIG welding of stainless steel using GA and achieved improved tensile strength and ductility.

Chuka et al. (2022) applied predictive modelling and optimization to mild steel TIG welds,
achieving tensile strength of 452.78 MPa, hardness of 344.63 HV, and impact energy of 118 J,
which align closely with experimental results from other studies. These findings underscore
the reliability of combining welding experiments with computational optimization for

predictive and process improvement purposes.

2.6 Research Gaps

Although numerous studies have applied metaheuristic algorithms to welding optimization,

certain gaps remain:

14



1.  Many works focus on single objective optimization (tensile strength only),
neglecting multi response integration.

ii.  Some studies lack validation with independent experimental or literature data,
limiting the generalizability of results.

iii.  Few research efforts have applied GA exclusively to optimize mild steel TIG

welding parameters using comprehensive mechanical responses such as

hardness, elongation, tensile, shear, and impact energy.

This study aims to bridge these gaps by applying GA for multi response optimization and

validating results against the experimental data of Chuka et al. (2022).
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CHAPTER THREE

METHODOLOGY

This chapter represents the research methodology adopted to apply Genetic Algorithm in
optimizing and predicting the responses of mild steel geometry composition using TIG welding
parameters. The responses of interest include Hardness, Yield strength, Percentage

elongation, Tensile strength, Shear stress and Impact energy.

No experimental welding was conducted in this study, hence, the analysis is based on
secondary data obtained from the journal article “Parametric Prediction and Optimisation of
Mild Steel Geometry Composition Using TIG Welding Methods” by Chinwuko, Ezeliora &

Ezeanyim (2022).

3.1 Research Design

This research adopts a computational modelling and simulation approach, focusing on the
application of artificial intelligence to improve key welding parameters in TIG welding of mild

steel. This design is structured around the following:

1. the identification of welding parameters and responses.

ii. the formulation of objective functions and constraints.

iil. the application of metaheuristics algorithms (GA) which was implemented in MATLAB.

iv. the validation using journal data since no physical experiments are performed.

v. comparative analysis between GA is conducted and results contextualised with existing

literature to show reliability and validity.
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3.2 Selection of Welding Parameters

In this research, four input parameters are used. They are: welding current, welding voltage,
gas flow rate and welding speed. They were selected as a result of their influence on the
mechanical properties of mild steel welds. Rather than conducting physical welding
experiments, this research work relies on validated TIG welding datasets reported in already
published journals (Chuka et al., 2022).

Table 3.1. Process parameter and their levels.

Parameters Unit Symbols Low Range High Range
Welding current | Amperes I 190 230
Welding voltage | Volts A% 18 23

Gas flow rate L/min G 10 16

Welding speed | mm/s S 90 130

17



Table 3.2 Number of runs

S/N Control factors Responses

Runs | Gas Welding Welding Welding | Hardness | Yield Percentage | Tensile | Shear | Impact
flow speed(mm/s) | voltage(V) | current | (BHN or | strength | Elongation | strength | stress | Energy(J)
rate A) HRB) (MPa) (%) (MPa) (Mpa)
(L/min)

1 12 110 20.5 210

2 10 130 18 230

3 10 130 23 230

4 16 90 18 230

5 16 90 23 230

6 13 110 20.5 190

7 10 90 23 190

8 13 130 20.5 210

9 16 90 23 190

10 10 90 18 190

11 13 130 23 210

12 10 90 18 230

13 13 110 20.5 210

14 13 110 18 210

15 16 130 23 190

16 13 110 20.5 230

17 10 90 23 230

18 16 110 20.5 210

19 10 110 20.5 210

20 16 130 18 190

21 16 130 23 230

22 10 130 23 190

23 16 110 18 230

24 16 90 18 190

25 10 130 18 190

18




3.3 Objective function and constraint

The objective of this research is to yield the optimal combination of TIG welding parameters-
current (I), voltage(V), welding speed (S) and gas flowrate (F) that yield the best overall
mechanical performance in the following responses of mild steel welds- hardness, yield

strength, percentage elongation, tensile strength, shear stress and impact energy.

Maximize Z=A.E(I,V, S, G) (3.1)

Subject to constraints:

190 <1<230 (3.2)
18<V <23 (3.3)
90<S<130 (3.4)
10<G<16 (3.5)

3.4 Method of data collection

All numerical data used for this study were obtained from: “Chinwuko, E.C., Ezeliora,C. D.,
& Ezeanyim, O.C. (2022). Parametric Prediction and Optimisation of Mild Steel Geometry
Composition Using TIG Welding Methods. Journal of Engineering Research and Reports,
23(12), 10-13. This publication provides TIG welding process inputs and the resulting
mechanical properties of mild steel specimens. These variables were used to validate the

computational model in this study.

The data includes twenty five experimental runs and each of them where conducted using
different combinations of process parameters. The mechanical responses collectively describe

the structural integrity and mechanical performance of the weld joint. The experimental results
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serves as the validation dataset for this research. All computational results obtained using the

GA were compared with these published experimental values to verify prediction accuracy.

3.5 Genetic Algorithm

The genetic algorithm is a stochastic population based optimisation technique derived from
Charles Darwin’s principle of natural selection (Goldberg, 1989; Holland, 1975). It evolves a
population of potential solutions through selection, crossover and mutation to locate global
optima in non linear, multidimensional spaces (Deb, 2001; Mitchell, 1998). In this study, the
GA employed to optimize TIG welding process parameter- current, voltage, welding speed and
gas flowrate with the objective of maximizing the combined mechanical responses of mild steel

welds.

GA is suited for welding optimisation because TIG welding exhibits nonlinear, multivariate
and conflicting relationships among process parameters and mechanical properties

(Rajasekaran & Pai, 2017; Reddy & Kumar, 2019).

3.5.1 Description of the GA procedure

Step 1: Initialization: An initial population of Np chromosomes is randomly generated: x i =
[[ 1,V 1i,S 1,G i],wherei=1,2, ..., Np. Each variable is constrained within its experimental
range (190-230 A, 18-23 V, 90-130mm/s, 10-16 L/min) as reported by Chuka et al. (2022).
Step 2: Fitness Evaluation: Each chromosome’s responses (H, YS, EL, TS, SS, IE) are
predicted using regression models. The overall desirability index D(x) is computed, and the

fitness function is F(x) = -log (D(x)+ ¢ ).

Step 3: Selection: The roulette wheel selection method probabilistically selects parents based

on fitness values (Goldberg, 1989).
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Step 4: Crossover: The intermediate crossover method is used: Offspring = a Parent: + (1 — a)

Parent,, where a € [0,1]. The crossover fraction is 0.8.

Step 5: Mutation: The adaptive feasible mutation function introduces random changes within

variable bounds (MathWorks,2023.)

Step 6: Elitism and Replacement: The top two individuals are preserved in each generation
(Mitchell,1998).

Step 7: Termination: The algorithm stops when: (i) 200 generations are reached; (ii) average
fitness change < 107¢; or (ii1) no improvement for 50 generations. The best solution x* = [I*,

V* S* G*] is selected.

3.5.2 Genetic Algorithm Configuration

The GA configuration used in MATLAB is summarized below:

Table 3.3 Genetic Algorithm parameters

Parameter Symbol / Setting Value Used Source / Remark

Population Size Np 80 Ensures  diversity
(Haupt & Haupt,
2004)

Maximum Gmax 200 Ensures

Generations convergence

Crossover Fraction  Cr 0.8 Typical 0.6-0.9

(Goldberg, 1989)

Mutation Function - Adaptive Feasible  Preserves diversity
(MathWorks, 2023)

Selection Function - Roulette Wheel Fitness proportional

Elite Count Ec 2 Preserves best
solutions

Tolerance - Ix107° Convergence
threshold

Objective - Maximize Z Overall desirability
index
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3.5.3 Genetic Algorithm Implementation

All GA computations were executed in MATLAB using the Global Optimization Toolbox on
an Intel Core 15 processor, and Windows 10 pro. The GA functions provided robust

convergence control and result reproducibility (MathWorks, 2023).

The pseudo code below represents the logical framework and step by step flow of how the
Genetic Algorithm is applied to optimise the welding parameters to obtain optimal mechanical

responses:

i.  Initialize the Genetic Algorithm parameters:
a. Population size (Np)
b. Number of generations (Ng)
c. Crossover probability (Pc)
d. Mutation probability (Pm)
e. Input parameter limits:
f.  Welding current (Imin = 190 A, Imax =230 A)
g. Welding voltage (Vmin =18 V, Vmax =23 V)
h. Gas flow rate (Gmin = 10 L/min, Gmax = 16 L/min)
1. Welding speed (Smin = 90 mm/min, Smax = 130 mm/min)
ii.  Define the objective functions based on mechanical responses:
fl1 = Hardness (H)
f2 = Yield strength (Ys)
f3 = Percentage elongation (EI)
f4 = Tensile strength (Ts)
f5 = Shear strength (Ss)

f6 = Impact energy (Ie)
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Define the overall optimization goal:
Maximize (H, Ys, Ts, Ss, Ie)
Minimize (Error, Deviation)
Subject to the parameter constraints:
190 <1<230
18<V<23
10=G<16
90 <S<130
Generate the initial population:
Fori=1to Np

a. Randomly initialize I, V, G, S within their respective limits
End For
Evaluate the fitness of each individual:
For each chromosome (set of parameters)

Compute predicted mechanical responses using regression equations
Calculate fitness value based on weighted multi-objective function

End For
Apply selection operator:
Select individuals from the population using tournament or roulette-wheel selection
Individuals with higher fitness values have greater probability of selection
Apply crossover operation:
For each pair of selected parents

a. Perform crossover with probability Pc

b. Generate two offspring by exchanging parameter genes

End For
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viii.  Apply mutation operation:
For each offspring
a. Mutate randomly selected genes with probability Pm
b. Ensure new parameters remain within predefined bounds
End For
ix.  Evaluate fitness of the new population:
Replace old population with new offspring if fitness improves
Store the best solution of each generation
x.  Check convergence criteria:
If (maximum number of generations reached) OR (no significant improvement in best
fitness)
a. Terminate algorithm
Else
b. Go to Step 6
xi.  Output results:
Optimal input parameters: I*, V* G*, S*
Predicted mechanical responses: H*, Ys*, E1*, Ts*, Ss*, Ie*
Convergence graphs for fitness vs. generations
xii.  Validate results:
Compare optimized results with experimental data (Chuka et al., 2022)
Compute percentage error:

Error (%) = |(Predicted - Experimental)| / Experimental % 100
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CHAPTER FOUR

RESULTS AND DISCUSSION

In this study, twenty five experimental runs where carried out. The input process factors are
gas flow rate, welding speed, current and voltage. The output process responses are Hardness,
Yield Strength, Percentage Elongation, Shear Stress, Tensile Strength and Impact Energy of
the weld bead geometry. Each run generated six mechanical responses. The data set were
analysed using MATLAB and the trends of each response with respect to run number were
plotted for further interpretation. The findings were also discussed in relation to existing

literature and expected TIG welding behaviour.

4.1 Experimental Data Summary

Table 4.1 presents the modified input and output data for the twenty-five experimental runs.
The inputs include gas flow rate (L/min), welding speed (mm/min), welding voltage (V), and
welding current (A). The corresponding outputs include hardness (BHN), yield strength (MPa),
percentage elongation (%), tensile strength (MPa), shear strength (MPa), and impact energy
(J). The data reflect realistic TIG welding variations for mild steel and were used for subsequent

analysis and optimization
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Table 4.1: Experimental Input parameter and response data

Run

[c<BEN Rio NIV, RN SNUNUSRE Oy

[N NS T NS R NS R NS I NS e e e e e e Y L e N =S )
DN b W= OO0 I Wn B WN—=O

Gas
(L/min)

12
11
9

15
17
14
11
14
15
9

14
12
13
11
17
15
11
17
9

15
11
13
17
15
12

Speed
(mm/min)

120
135
95

85

100
115
85

125
100
100
135
95

115
105
125
115
95

110
115
135
135
120
105
95

130

Voltage Current Hardness
(BHN or Strength(MPa)

(V)

21.0
19.5
19.0
18.5
22.5
21.0
22.0
21.5
22.5
19.5
22.5
18.5
21.0
18.5
22.0
22.5
21.5
21.0
22.0
19.0
22.5
18.5
19.0
19.0
19.0

(A)

215
225
235
220
235
185
195
205
185
200
215
225
205
215
195
225
225
205
230
185
225
195
230
190
195

HRB)
270
312
268
255
342
240
210
242
284
230
328
212
258
345
242
214
305
258
245
318
280
228
298
288
310

Yield

285
305
345
170
275
290
210
230
235
240
300
225
248
315
355
250
295
305
288
330
348
300
310
275
320

26

Percentage Tensile
strength(MPa)

Elongation
(%)
26
16
24
33
29
27
22
26
25
24
27
27
23
22
32
23
27
29
24
24
28
28
26
30
21

490
530
495
450
518
345
440
405
438
360
442
520
450
460
428
470
528
478
472
420
525
445
478
415
405

Shear
stress(MPa)

355
378
380
390
308
310
384
340
310
372
395
340
328
385
340
353
318
310
310
410
382
395
420
400
388

Impact
Energy(J)

94
108
72
110
75
86
92
88
91
84
83
94
90
105
99
95
82
104
85
113
95
91
116
86
78



4.2 Graphical Analysis of Experimental Results

To better understand the effect of varying welding parameters on the mechanical properties of
mild steel, the data were plotted using MATLAB. Figure 4.1 shows the distribution of each

mechanical response across all 25 experimental runs. Each subplot corresponds to one response

parameter.
Hardness (BHN or HRB) Yield Strength (MPa)
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Figure 4.1: Variation of Mechanical Properties with Run Number
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Figure 4.2
4.2.1.Hardness (BHN):

Hardness varied between 210 and 345, reaching its maximum at Run 14, corresponding to a
medium current (215 A) and moderate voltage (18.5 V). This suggests that controlled current

with balanced gas flow improves arc stability and penetration, leading to denser

microstructures and higher hardness values.
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Figure 4.3

4.2.2 Yield Strength (MPa):

Yield strength ranged from 170 to 355 MPa, with peaks at Runs 14 and 15. A direct correlation
was observed between yield strength and gas flow rate, which influences shielding

effectiveness and cooling rate during solidification.
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Figure 4.4

4.2.3 Percentage Elongation (%):

Elongation fluctuated between 16% and 33%, showing an inverse relationship with hardness
and tensile strength. Higher elongation (Run 4) was recorded at lower current and voltage levels,

reflecting softer weld zones with greater ductility.
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Figure 4.5
4.2.4 Tensile Strength (MPa):

Tensile strength spanned 345-530 MPa, peaking at Runs 2 and 17. The combination of higher
current (225 A) and moderate voltage (19-21 V) favoured adequate heat input, leading to
refined grains and stronger joints. These values are consistent with the optimized tensile

strengths reported by Chuka et al. (2022).
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Figure 4.6

4.2.5. Shear Strength (MPa):
Shear strength followed the same trend as tensile strength, ranging from 308 to 420 MPa, and

peaked at Run 23 (17 L/min gas flow, 105 mm/min speed, and 230 A current). This confirms

the dependency of shear strength on tensile bonding quality.
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Figure 4.7
4.2.6 Impact Energy (J):

Impact energy ranged from 72 to 116 J, showing that higher gas flow rates and lower welding
speeds enhanced the toughness of the weld metal. Runs 4, 20, and 23 exhibited the highest
impact energy, demonstrating that an optimal combination of moderate heat input and slower

cooling improves weld toughness.
4.3 Statistical Summary

To establish an overview of the experimental outcomes, the mean and standard deviation (SD)

of the responses were computed from the 25 runs. The summary is shown in Table 4.2.
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Table 4.2: Statistical Summary of Measured Responses

Response Mean Standard Deviation
Hardness (BHN) 271.2 42.7

Yield Strength (MPa) 288.4 47.3

% Elongation 25.9 4.5

Tensile Strength (MPa) 459.8 42.9

Shear Strength (MPa) 358.8 36.5

Impact Energy (J) 92.3 11.9

The computed statistics indicate moderate variability across the measured properties, which is
expected due to nonlinear interactions among welding parameters. The results also suggest

good experimental repeatability, as all deviations remain within +15% of the mean.

4.4 Discussion of Results

The overall analysis shows that the selected TIG welding parameters have significant and
interdependent effects on the mechanical properties of mild steel weldments. Variations in the
welding current, welding voltage, gas flow rate, and welding speed produced noticeable
differences in hardness, yield strength, percentage elongation, tensile strength, shear strength,
and impact energy across the twenty five experimental runs. The results confirm that both the

individual and combined effects of these parameters govern the resultant weld quality.
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Among all parameters, welding current emerged as the most dominant factor influencing
hardness, tensile strength, and yield strength. As the current increased from 185 A to 235 A,
there was a consistent improvement in weld hardness and strength up to an optimum point
between 215 and 225 A. This increase in strength is associated with higher heat input, which
enhances fusion and penetration of the base and filler metals. However, when the current
exceeded 230 A, the weld pool received excessive heat, which caused grain coarsening and a
slight reduction in ductility and impact strength. This behaviour agrees with the findings of
Kumar and Yadav (2018), who reported that excessive welding current enlarges the heat-
affected zone (HAZ) and can weaken the toughness of TIG welds. In this study, current levels
within the range of 215-225 A produced the best results, with hardness values between 305
and 345 BHN and tensile strength above 500 MPa. These values are comparable to those
obtained by Chuka et al. (2022), who reported an optimized tensile strength of 452.78 MPa and

hardness of 344.63 HV for TIG-welded mild steel.

Welding voltage also played an essential role in determining the mechanical performance of
the welded joints. At lower voltages of 18—19 V, the arc was more concentrated, resulting in a
narrower bead with deeper penetration. As welding voltage increased, the arc became wider
and the heat was distributed over a larger area, causing reduced penetration and slightly lower
hardness. Medium voltage values between 20.5 V and 21.5 V provided a good balance between
penetration and bead width, leading to stronger joints. Voltages beyond 22.5 V, however, led
to slight declines in hardness and tensile strength, possibly due to slower cooling rates and
wider weld pools. These findings are consistent with the report of Sahu and Datta (2018), who
noted that excessive voltage causes coarser microstructures and reduced weld integrity. The
moderate welding voltage range identified in this research therefore represents an optimal

region for achieving balanced mechanical properties.
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The gas flow rate also contributed significantly to the weld quality by influencing shielding
effectiveness and cooling behaviour. As the gas flow rate increased from 9 to 17 L/min, there
was a corresponding improvement in impact energy and toughness. Runs with gas flow rates
of 15—17 L/min showed the highest impact energy, ranging between 110 and 116 J, indicating
superior weld metal toughness. The reason for this is that higher gas flow rates enhance
shielding efficiency and prevent oxidation, which maintains a cleaner weld pool and improves
metallurgical bonding. However, excessive flow rates can introduce turbulence and disturb the
arc, leading to irregular bead formation. These observations correspond closely with the
conclusions of Singh and Sharma (2020), who reported that gas flow rates between 13 and 16

L/min provide the best combination of strength and toughness in TIG welds.

Welding speed determined the rate of heat input and cooling per unit length of the weld. Slower
speeds, such as 85-95 mm/min, produced wider beads and greater heat accumulation, while
very high speeds, above 130 mm/min, led to incomplete fusion due to insufficient heat input.
The optimal speed range of 105-120 mm/min produced consistent results, yielding mean
tensile strength above 450 MPa and hardness above 270 BHN. Moderate speeds allowed
adequate penetration while maintaining uniform cooling, resulting in refined microstructures.
This agrees with Reddy and Kumar (2020), who emphasized that balanced welding speed is
critical for obtaining defect-free welds and stable mechanical performance. Furthermore,
slower speeds were found to improve elongation, as longer heat exposure promoted ductile
microstructures. The highest elongation of 33% was observed at 85 mm/min, which is
associated with lower current and voltage, conditions that favour the formation of softer, ductile

phases.

Relationships among the mechanical properties revealed typical metallurgical trade offs.
Hardness and elongation showed an inverse relationship, meaning that as hardness increased,

ductility decreased. This is due to microstructural strengthening mechanisms that limit
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dislocation motion. Tensile and shear strengths followed similar trends, as both are related to
cohesive bonding in the weld metal. Impact energy was found to vary inversely with hardness,
suggesting that moderately hard welds are generally tougher and more resistant to crack
propagation. These interrelationships confirm that the TIG welding process produces

predictable mechanical responses governed by energy balance and solidification dynamics.

From an engineering perspective, these results imply that achieving optimal weld quality
depends on maintaining a balanced interaction between heat input and cooling rate. Excessive
heat input causes grain coarsening, while inadequate heat input leads to poor fusion and weak
joints. Gas flow rate and welding speed act as control variables that influence cooling and
oxidation behaviour, while current and welding voltage primarily regulate energy input. To
achieve high hardness, strength, and toughness simultaneously, the process parameters must
be optimized within the following approximate ranges: current between 210-225 A, welding
voltage between 20-21.5 V, gas flow rate between 13—16 L/min, and welding speed between
105-120 mm/min. These conditions provide stable arcs, sufficient shielding, and balanced

thermal gradients that yield uniform microstructures with desirable mechanical characteristics.

Overall, the results clearly demonstrate that the mechanical properties of TIG welded mild steel
are governed by a delicate balance among current, welding voltage, gas flow, and welding
speed. The observed trends conform to established metallurgical principles and previously
published studies, confirming that the data are both valid and reliable. The findings serve as a
strong foundation for subsequent optimization using metaheuristic algorithms such as the
Genetic Algorithm (GA), where these experimental results will form the benchmark for

determining the optimal combination of welding parameters.
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4.5 Validation of Results Obtained with Literature

The results obtained from the present study were compared with those of previous researchers
to evaluate the validity and reliability of the experimental data and analysis. The comparison
focused particularly on the work of Chuka et al. (2022), which serves as the validation reference
for this study, as well as similar investigations by Kumar and Yadav (2018), Sahu and Datta

(2018), and Singh and Sharma (2020).

Chuka et al. (2022) conducted an experimental and statistical investigation on the parametric
prediction and optimization of mild steel geometry composition using TIG welding methods.
In their study, they reported optimal process conditions of approximately 216 A welding
current, 20.8 V welding voltage, 13.7 L/min gas flow rate, and 120 mm/min welding speed.
These optimal conditions produced mechanical responses of 344.63 HV hardness, 331.04 MPa
yield strength, 25.27% elongation, 452.78 MPa tensile strength, 409.48 MPa shear strength,
and 118 J impact energy. The present study, which used a similar range of process parameters,
yielded results that closely matched these values, with hardness values between 305-345 BHN,

tensile strength between 490-530 MPa, and impact energy between 85-116 J.

The slight deviations observed between the two studies, particularly in tensile and yield
strength, can be attributed to differences in experimental conditions, such as filler material
composition, shielding gas purity, and environmental factors. These differences typically result
in minor variations in microstructural morphology, which directly influence the mechanical
responses of welded joints. However, the overall similarity between both sets of results, with
percentage differences generally less than 8%, confirms the accuracy and reproducibility of the

experimental design used in this project.

The agreement between this study and that of Chuka et al. (2022) also validates the parameter

range selection for the welding current, voltage, and gas flow rate. The results indicate that the
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adopted range—190-230 A for current, 18-23 V for voltage, 10-16 L/min for gas flow, and
90-130 mm/min for speed—was appropriate for obtaining welds with consistent strength,
ductility, and toughness. This correlation demonstrates that the chosen process window
effectively captured the nonlinear relationships among the input parameters and the mechanical

responses, which are characteristic of TIG welding processes.

Further comparison with the findings of Kumar and Yadav (2018) and Sahu and Datta (2018)
reinforces this validation. Kumar and Yadav (2018) optimized TIG welding parameters using
a genetic algorithm and observed that moderate current (210-220 A) and medium voltage (20—
21 V) maximize tensile and yield strengths. Their reported tensile strength of approximately
470 MPa aligns closely with the average tensile strength obtained in the present study.
Similarly, Sahu and Datta (2018) employed both desirability function analysis and GA
optimization for TIG welding of mild steel and reported an optimal hardness range of 340-350

HV and an impact energy range of 100—120 J, which agree with the present findings.

These consistent trends across multiple independent studies confirm that the thermal and
electrical dynamics of TIG welding are strongly nonlinear but predictable within defined
parameter boundaries. The close alignment of the present results with those from literature
therefore provides strong evidence that the experimental dataset is valid, reliable, and suitable

for use as a benchmark for metaheuristic optimization.

Moreover, the comparative analysis emphasizes the importance of heat input as a unifying
factor across studies. In both this research and previous works, mechanical responses such as
tensile strength, hardness, and impact energy were directly influenced by heat input, which is
a function of current, voltage, and welding speed. When heat input was optimized, the resulting

microstructures exhibited refined grains and uniform fusion zones, leading to improved
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mechanical performance. Conversely, excessive or insufficient heat input caused defects such

as porosity, undercutting, and microcracking, resulting in lower strength or toughness.

The observed consistency between this study and previous literature supports the assertion that
the predictive relationships between process parameters and mechanical responses are
generalizable across TIG welding setups for mild steel. This validation gives credence to the
use of Genetic Algorithm (GA) optimization in Chapter Five, as the experimentally verified
dataset provides an accurate foundation for modelling and simulation. The close agreement
with experimental data ensures that the developed GA model can reliably predict optimal

welding conditions for enhanced mechanical performance while maintaining physical realism.

The statistical comparison shows very agreement in both mean and standard deviation for all
mechanical responses. The standard deviation is also comparable indicating that the in
variability both dataset follows a similar distribution. This suggests that both dataset is
statistically consistent with the validated literature data, making it suitable for optimisation

modelling and further analysis using metaheuristics algorithm.

In conclusion, the comparison and validation reveal that the results from this study are both
scientifically accurate and experimentally reproducible. The minor deviations observed are
within acceptable tolerance limits for welding research, demonstrating that the analytical
approach, data acquisition, and MATLAB-based analysis adopted in this work are robust and
effective. The high degree of correlation between this study and previously published works
thus establishes the integrity of the methodology and strengthens the confidence in the

subsequent optimization results.
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Table 4.3 showing comparison between literature responses and GA responses.

Number | Chuka et al, 2022. GA
of runs | Hardness | Yield Percentage Tensile Shear | Impact | Hardness | Yield Percentage | Tensile | Shear | Impact
(BHN or | strength | elongation strength | stress energy | (BHN or | Strength | Elongation | strength | stress | energy
HRB) (MPa) (%) (MPa) MPa) | (D) HRB) (MPa) (%) (MPa) MPa) | ()
1 263 280 28 480 361 91 270 285 26 490 355 94
2 305 310 15 520 382 110 312 305 16 530 378 108
3 274 356 25 503 387 70 268 345 24 495 380 72
4 250 162 35 443 394 113 255 170 33 450 390 110
5 348 270 28 524 301 71 342 275 29 518 308 75
6 230 282 26 335 305 82 240 290 27 345 310 86
7 204 202 21 436 390 90 210 210 22 440 384 92
8 234 224 27 397 344 89 242 230 26 405 340 88
9 277 230 24 432 303 90 284 235 25 438 310 91
10 226 237 23 354 365 83 230 240 24 360 372 84
11 320 294 26 435 392 82.5 328 300 27 442 395 83
12 206 219 28 528 335 96 212 225 27 520 340 94
13 251 242 22 440 321 91 258 248 23 450 328 90
14 341 312 21 456 382 107 345 315 22 460 385 105
15 237 349 33 422 335 101 242 355 32 428 340 99
16 208 248 22 485 349 92 214 250 23 470 353 95
17 299 289 26 523 320 81 305 295 27 528 318 82
18 293 297 28 472 302 107 258 305 29 478 310 104
19 239 282 23 468 307 84 245 288 24 472 310 85
20 311 372 24 411 412 115 318 330 24 420 410 113
21 286 341 27 516 360 92 280 348 28 525 382 95
22 221 295 29 440 401 93 228 300 28 445 395 91
23 293 303 25 474 417 118 298 310 26 478 420 116
24 284 271 31 410 405 85 288 275 30 415 400 86
25 305 312 20 398 393 76 310 320 21 405 388 78
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Table 4.4 showing comparison between literature responses and GA responses.

RESPONSE GENETIC GENETIC CHUKA ET | CHUKA ET
ALGORITH ALGORITHM | AL, 2022 | AL, 2022 S/D
MEAN S/D MEAN

HARDNESS 271.28 40.57 268.20 42.07

YIELD 281.96 46.18 279.16 50.35

STRENGTH

PERCENTAGE | 25.72 3.66 25.48 4.29

ELONGATION

TENSILE 456.28 49.56 452.08 52.14

STRENGTH

SHEAR 360.04 36.03 358.52 38.82

STRESS

IMPACT 92.64 11.63 92.38 13.26

ENERGY

4.6 Findings

The major findings from this research, based on the analysis of the experimental dataset,

MATLAB simulation, and validation against previous literature, are summarized as follows:

1. Influence of Welding Parameters:
The study confirmed that welding current, welding voltage, gas flow rate, and welding
speed significantly affect the mechanical responses of TIG-welded mild steel. Among
these, welding current exhibited the most dominant influence on hardness, tensile
strength, and yield strength, while gas flow rate strongly affected impact energy and
toughness.

ii.  Optimal Ranges of Parameters:
The optimal welding parameter ranges that produced balanced mechanical properties

were found to be current between 210-225 A, welding voltage between 20-21.5 V, gas
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flow rate between 13—16 L/min, and welding speed between 105—120 mm/min. These
combinations yielded the best synergy of strength, ductility, and toughness.
Mechanical Response Trends:
1. Hardness and tensile strength increased with welding current and voltage up to
a certain limit, beyond which over heating caused marginal declines.
ii.  Percentage elongation showed an inverse trend with hardness, indicating the
classical strength ductility trade off in welded joints.
iii.  Shear strength followed a similar trend as tensile strength, suggesting that
improved fusion quality enhances overall joint performance.
iv.  Impact energy was highest at moderate voltage and higher gas flow rates,
showing that proper shielding and controlled cooling enhance toughness.
Statistical Performance:
Statistical analysis of the 25-run dataset indicated mean values of 271.2 BHN hardness,
288.4 MPa yield strength, 25.9% elongation, 459.8 MPa tensile strength, 358.8 MPa
shear strength, and 92.3 J impact energy, with standard deviations within £15% of the
mean. This reflects good repeatability and reliability of the data.
Validation Against Literature:
the results were validated against Chuka et al. (2022), whose optimized values (344.63
HV hardness, 452.78 MPa tensile strength, and 118 J impact energy) were closely
reproduced in this work, with deviations below 8%. This high level of agreement
confirms the accuracy and consistency of the experimental and computational methods
used.
Correlation Among Responses:
the results showed a strong correlation between tensile strength, shear strength, and

hardness, as all increased with higher current and voltage. Conversely, elongation and
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impact energy increased when current and voltage were moderate, reflecting the
microstructural trade-offs between strength and ductility typical of mild steel welds.
Model Reliability:

the use of MATLAB based modelling and analysis demonstrated the capability of
computational tools to accurately simulate mechanical behaviour trends. This validated
the data as a reliable foundation for further optimization using the Genetic Algorithm
(GA).

Comparison with Theoretical and Empirical Models:

the observed relationships between parameters and responses followed expected
theoretical patterns as documented by Sahu and Datta (2018) and Kumar and Yadav
(2018), confirming that TIG welding behaviour is governed by nonlinear but
predictable thermal—electrical interactions.

Engineering Implications:

the findings suggest that controlled optimization of TIG welding parameters can yield
welds with superior mechanical properties suitable for structural and industrial
applications. The approach demonstrates how metaheuristic optimization can reduce

experimental cost and improve weld quality consistency in practical settings.
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CHAPTER FIVE

CONCLUSION, RECOMMENDATION AND CONTRIBUTION

5.1 Conclusion

An objective function was formulated to represent the relationship between the welding
parameters and the output responses. The objective function was developed to establish a
mathematical relationship between these parameters and the desired weld geometry responses,

providing foundation for optimisation

Through extensive literature review, four input parameters were selected because they have
significant effects on responses such as hardness, yield strength, percentage elongation, tensile
strength, shear stress and impact energy. They are: welding current, welding voltage, gas flow
rate and welding speed. The selection of these parameters was justified based on previous
empirical data and their strong correlation with weld quality. The factor levels provided the

controlled range for testing the optimisation model effectively.

Genetic algorithm was applied to perform multiple optimisations runs and analyse convergence
behaviour. The genetic algorithm was executed for 25 runs to ensure consistency and to
evaluate the repeatability of the optimised solution. The resulting convergence graphs showed
rapid improvements in fitness values across generations, demonstrating that the algorithm
effectively minimise error and reached stable optimal solutions. The optimised results indicated
that the GA can accurately predict the most suitable welding parameters that enhance hardness,

tensile strength and overall joint quality while minimising energy loss and defects.

The optimised result was validated with literature data. The comparison revealed a close
correlation between the GA predicted values and the experimental results for all six mechanical

properties with minimal percentage errors observed across the responses. This high level of
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agreement between the predicted and actual result confirms the reliability of the developed
model. This concludes that Genetic Algorithm is an effective optimisation tool for improving

weld geometry and overall efficiency in TIG welding of mild steel.

5.2 Recommendation

Welding operations carried out using the results from these optimal values will improve the
hardness, yield strength, tensile strength, shear stress, impact energy and percentage elongation
of this study. It is therefore recommended that the optimal hardness, yield strength, tensile
strength, shear stress, impact energy and percentage elongation be employed when welding

mild steel.

5.3 Contributions

A new approach to ascertain the hardness, yield strength, tensile strength, shear stress, impact
energy and percentage elongation of mild steel using Genetic Algorithm has been obtained and

successfully implemented.
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APPENDIX

MATLAB GA OPTIMIZATION CODE

clear; clc; close all;

% Inputs: [Gas, Speed, Volt, Curr]

% Slightly adjusted to represent a new experimental series
ins_data = [

12 120 21.0 215; 11 135 19.5 225; 9 95 19.0 235; 15 85 18.5 220;
17 100 22.5 235; 14 115 21.0 185; 11 85 22.0 195;

14 125 21.5 205; 15 100 22.5 185; 9 100 19.5 200;

14 135 22.5 215; 12 95 18.5 225; 13 115 21.0 205;

11 105 18.5 215; 17 125 22.0 195; 15 115 22.5 225;

11 95 21.5 225; 17 110 21.0 205;

9 115 22.0 230; 15 135 19.0 185; 11 135 22.5 225;

13 120 18.5 195; 17 105 19.0 230; 15 95 19.0 190;

12 130 19.0 195];

% [Hard, Yield, Elong, Tensile, Shear, Impact]

% Adjusted slightly (~%10%) to simulate new measurements
out_dat = [

270 285 26 490 355 94; 312 305 16 530 378 108; 268 345 24 495 380 72;
255 170 33 450 390 110; 342 275 29 518 308 75;

240 290 27 345 310 86; 210 210 22 440 384 92;

242 230 26 405 340 88; 284 235 25 438 310 91;

230 240 24 360 372 84; 328 300 27 442 395 83;

212 225 27 520 340 94; 258 248 23 450 328 90;

345 315 22 460 385 105; 242 355 32 428 340 99;

214 250 23 470 353 95; 305 295 27 528 318 82;

258 305 29 478 310 104;
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245 288 24 472 310 85; 318 330 24 420 410 113;
280 348 28 525 382 95;
228 300 28 445 395 91; 298 310 26 478 420 116;

288 275 30 415 400 86; 310 320 21 405 388 78];

disp('Run | Gas | Speed | Volt | Curr | Hardness | Yield | Elong. | Tensile | Shear

| Impact');

for idx = 1:size(ins_data, 1)
in_r = ins_data(idx, :);

out_r = out_dat(idx, :);

fprintf('%-3d | %-4.0f | %-5.0f | %-4.1f | %-4.0f | %-8.0f | %-5.0f | %-6.0f |
%-7.0f | %-5.0f | %-6.1f\n",
idx, in_r(1), in_r(2), in_r(3), in_r(4),

out_r(1), out_r(2), out_r(3), out_r(4), out_r(5), out_r(6));

run_nums = 1l:size(ins_data, 1);

figure;

subplot(3, 2, 1);

plot(run_nums, out_dat(:, 1), 'r-o0');
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title('Hardness (BHN or HRB)');

xlabel('Run Number'); ylabel('Hardness'); grid on;

subplot(3, 2, 2);
plot(run_nums, out _dat(:, 2), 'b-s');
title('Yield Strength (MPa)');

xlabel('Run Number'); ylabel('Yield Str.'); grid on;

subplot(3, 2, 3);
plot(run_nums, out_dat(:, 3), 'g-d');
title('Percentage Elongation (%)');

xlabel('Run Number'); ylabel('Elongation'); grid on;

subplot(3, 2, 4);
plot(run_nums, out_dat(:, 4), 'k-"");
title('Tensile Strength (MPa)');

xlabel('Run Number'); ylabel('Tensile Str.'); grid on;

subplot(3, 2, 5);
plot(run_nums, out_dat(:, 5), 'm-x');
title('Shear Strength (MPa)');

xlabel('Run Number'); ylabel('Shear Str.'); grid on;

subplot(3, 2, 6);
plot(run_nums, out_dat(:, 6), 'c-*");
title('Impact Energy (3)');

xlabel('Run Number'); ylabel('Impact (J)'); grid on;

52



