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Abstract 
 

This study focuses on optimizing the weld bead geometry in Metal Inert Gas (MIG) butt-welding of stainless steel using Grey Relational 

Analysis (GRA). Process parameters significantly influence weld quality, and suboptimal conditions often result in joint failure. Traditional 

trial-and-error approaches have been replaced by advanced computational and statistical techniques to enhance process efficiency and 

reliability. This research investigates the relationship between welding parameters—such as welding current, welding speed, and arc 

voltage—and key output responses, including bead penetration, tensile strength, and microhardness. GRA, which efficiently ranks 

parameter combinations according to a gray relational grade, was used to build a multi-objective optimization technique. Analysis of 

variance (ANOVA) was used to determine the importance of each factor, and confirmation tests were performed to verify the optimal 

settings. The results demonstrate improved weld quality and mechanical properties, confirming the effectiveness of the proposed method-

ology in optimizing stainless steel welding. 
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1. Introduction 

High-performance product development is the focus of the manufacturing industries these days. Aluminum is a material of choice for a 

wide range of applications, from everyday items to cutting-edge technologies. Aluminum can be made to be both lightweight and extremely 

strong, making it perfect for even the most demanding applications. Automakers are increasingly using alternative materials and a variety 

of new technologies to meet emission targets, improve efficiency, increase safety, and boost fuel economy in vehicle design. Instead of 

making cars smaller or more costly, this is achieved by making them lighter. As the most economical method for joining different material 

combinations, resistance spot welding is widely used in the automotive industry. Recently, friction stir spot welding (FSSW) has drawn 

considerable interest from the automotive industry. 

GRA has a powerful multi-objective optimization method widely used in machining and manufacturing processes. Based on Grey System 

Theory, it classifies information into three categories: completely known (white), completely unknown (black), and partially known (grey), 

allowing for effective decision-making in systems with incomplete data. GRA follows a structured approach that involves normalizing raw 

data, calculating Grey Relational Coefficients (GRC), computing the Grey Relational Grade (GRG), and identifying optimal parameters 

based on the highest GRG value [20]. This method transforms multi-objective optimization problems into a single-objective problem, 

making it suitable for analyzing machining parameters such as surface roughness, material removal rate (MRR), and cutting forces. By 

applying GRA, manufacturers can achieve enhanced machining efficiency, improve product quality, and optimize process parameters for 

better performance in turning, milling, and drilling operations. 

The first patent for stainless steel at The Welding Institute and for Friction Stir Spot Welding was in 1991. Although Friction Spot Stainless 

Steel Welding was developed at The Welding Institute, Mazda Motor Corporation was the first to utilize it. For joining and working with 

lighter alloys, the use of Friction Spot Stainless Steel Welding technology is on the rise. Researchers in the field of welding, who aim to 

join dissimilar material combinations, are working on enhancing the welds. For example, works published to investigate the machinability 

of stainless steel AISI 304 have concentrated on the relationship between cutting speed and tool wear, as well as the characteristics of 

surface roughness, chips, and AISI 304 steel turning [1]. In the quest for the optimum cutting speed and feed for contour turning to achieve 

the desired chip shape and minimize flank wear, built-up edge, surface roughness, and roughness, a novel process sound was employed 

[2]. In cutting fluid AISI 304 steel turning, coconut oil proved to be the most effective in reducing tool wear and surface roughness [3]. 

Recently, it was also reported [4-6] that feed and cutting speed optimization would yield sufficient working characteristics. 

http://creativecommons.org/licenses/by/3.0/


International Journal of Basic and Applied Sciences 457 

 
Simultaneously considering the machined parts' surface roughness and productivity (MRR) as well as the cutting power requirement (based 

on the knowledge of cutting force Fc) is essential for optimizing the machining parameters. For design of experiments (DOE), the Taguchi 

method is a powerful tool that forms the foundation for optimizing various engineering procedures. It is a vital tool for determining the 

crucial parameters and forecasting the ideal values for every process parameter. This approach has been widely used in experimental design 

for a range of machining processes [7–10]. The ability to suggest an ideal parametric combination under a specific set of constraints has 

drawn a lot of research interest in process parameter optimization for machining operations, including turning. 

Additionally, this capability has yielded valuable information for the machining industries [11–12]. The concept of information is utilized 

in Grey Relational Analysis (GRA). It designates circumstances with perfect information as white and those with no information as black 

[13].  

In other words, GRA reduces a multi-objective optimization problem to a procedure that considers only one objective at a time. Through 

multi-objective optimization, GRA has been applied in studies to enhance performance characteristics, such as material removal rate and 

surface roughness, in various machining processes [14]. All machining parameters—feed (f), depth of cut (t), and cutting speed (Vc)—

have been investigated in the current study, as AISI 304 stainless steel is dry machined to optimize MRR, cutting force, and surface 

roughness. Grey relational analysis has been utilized to simultaneously optimize cutting parameters, thereby achieving the desired perfor-

mance characteristics in machining [15].  

2. Materials and Methods 

The Metal Inert Gas (MIG) butt-welding process required the use of stainless steel as the building material due to its mechanical strength, 

weldability, and exceptional corrosion resistance. The specific grade used in the study was AISI 304, a type of austenitic stainless steel. It 

is widely used for its strength, ease of manufacturing, and corrosion resistance. The alloyed AISI 304 grade stainless steel contains the 

following constituents in the given ranges: chromium (18–20 percent), nickel (8–10.5 percent), manganese (up to 2 percent), silicon (up to 

1 percent), and carbon (up to 0.08 percent). Its physical attributes include a tensile strength of 515–620 MPa, a melting point of approxi-

mately 1400°C, and a density of roughly 7–93 g/cm³. Stainless steel welding is especially beneficial in industrial and structural settings 

where corrosion resistance and high strength are essential. Even at low temperatures, AISI 304 stainless steel retains its good formability 

and toughness, making it ideal for MIG welding. Table 1 lists the mechanical and physical characteristics of AISI 304 stainless steel. 

 
Table 1: Physical and Mechanical Properties of AISI 304 Stainless Steel 

Property Value 

Density 7.93 g/cm³ 

Melting Point 1400°C 

Tensile Strength 515–620 MPa 
Yield Strength 205 MPa 

Elongation 40% 

Hardness (Brinell) 201 HB 

2.1. Filler material 

Its chemical composition includes approximately 20% chromium and 10% nickel, providing decenterosion resistance (Table 2). The wire 

diameter used in the study was 1.2 mm to ensure stable arc formation and consistent metal deposition. The physical properties of ER308L 

include a density of approximately 7.9 g/cm³ and a melting point of around 1400°C.  

 
Table 2: Physical and Mechanical Properties of ER308L Filler Material 

Property Value 

Density 7.9 g/cm³ 

Melting Point 1400°C 

Tensile Strength 550 MPa 

Yield Strength 320 MPa 

Hardness (Brinell) 190 HB 

2.2. Shielding gas 

A clean and stable arc is ensured during the welding process by argon, an inert gas that does not react with molten metal. Its high density 

and low thermal conductivity provide adequate protection against oxidation and porosity. The flow rate of argon was maintained at 15–20 

liters per minute (L/min) to create a stable and consistent shielding effect, as shown in Figure 1. Argon improves arc stability and reduces 

spatter, which contributes to smooth bead formation and enhanced weld penetration. Theargon prevents chemical reactions with the melted 

weld pool, ensuring high-quality welds with minimal defects. Table 3 demonstrates the thermal properties. 

 
Table 3: Physical and Thermal Properties of Argon (Ar) Shielding Gas 

Property Value 

Atomic Weight 39.948 u 

Density (at 0°C) 1.785 g/L 

Boiling Value –186.5°C 

Melting Value –188.4°C 

Thermal Conductivity 0.01772 W/(m·K) 
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Fig. 1: Welding Shielding Gas Overview. 

 

Figure 1 provides the arrangement of the shielding gas for the MIG welding process. It demonstrates the movement of argon gas from the 

cylinder to the welding zone, indicating how the gas safeguards the molten metal from atmospheric pollution and maintains arc stability 

for a balanced weld. 

2.3. Experimental procedure 

The MIG butt-welding process was conducted using a semi-automatic MIG welding machine. The stainless steel workpieces were prepared 

by cutting them into dimensions of 100 mm × 50 mm × 5 mm, followed by surface cleaning using acetone to remove any oil, dirt, or oxide 

layers. Proper alignment and clamping were ensured to prevent distortion during welding. The welding machine was set up with ER308L 

filler wire and argon defensive gas has measured current degree was measured.  

2.4. Grey relational analysis (GRA) for optimization 

The primary output responses that were investigated were bead geometry and microhardness tensile strength. Gray relational coefficients 

were calculated using the difference between the ideal and experimental values after the experimental data had been normalized to ensure 

comparability. The GRG was computed using the biased average of the grey interpersonal constants [21]. The set of parameters that yielded 

the highest GRG was optimal. The GRA methodology provided a solid basis for process optimization by effectively ranking the parameter 

combinations. In Figure 2, the Grey rational analysis architecture is shown.  

 

 
Fig. 2: Flow Chart of the Grey Relational Analysis. 

 

Figure 2 displays the phases for carrying out Grey Relational Analysis for the process of welding parameter optimization. It encapsulates 

the workings of data normalization, calculating the Grey Relational Coefficient, Grey Relational Grade computation, and optimal parameter 

selection for maximum GRG. 

2.5. Mechanical testing and microstructural analysis 

The welded specimens underwent mechanical testing to evaluate their microhardness and tensile strength. A universal testing machine 

(UTM) (Figure 3) was utilized for tensile strength evaluation under constant strain rates to the point of fracture. Before this, microstructural 

analysis was performed, utilizing both optical and scanning electron microscopy (SEM), to assess the base material, heat-affected zone 

(HAZ), and fusion zone. An integrated study of the microstructure consisting of grain size, shape, and distribution, along with the consti-

tution and arrangement of structural phases and the presence of defects such as pores, cracks, inclusions, and porosity, was undertaken to 

evaluate the mechanical performance. 
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Fig. 3: The Procedures of Microstructural Analyses and Mechanical Tests 

 

Figure 3 shows the procedures for microstructural analysis and mechanical testing of the welded samples. It encompasses the steps of 

tensile strength and microhardness testing and the methods used to assess the grain size, phase formation, and defects in the welded parts. 

2.6. Confirmation and validation tests 

Confirmation tests were conducted using the optimal parameter settings found by GRA to verify the efficacy of the optimized welding 

parameters. Tensile strength, microhardness, and bead penetration tests were performed on the samples made under ideal circumstances. 

Microhardness and tensile strength values were higher than the baseline performance, indicating a notable improvement in weld quality. 

Under ideal circumstances, the bead penetration was reliable and flawless, demonstrating the stability of the welding process. The accuracy 

and dependability of the GRA-based optimization methodology were demonstrated by the close match between the mechanical and micro-

structural properties found in the confirmation tests and the expected values.  

3. Results and Discussion 

3.1. Effect of welding current on bead penetration and tensile strength 

The intensity of welding current was a critical determinant of the bead penetration and the bead’s tensile strength. For every 5 Amperes of 

welding current was increased, an average of .6 mm of bead penetration was observed. The welding present increased from 100 Amps to 

180 Amps. This increase in heat facilitated deeper and more extensive fusion of the base metals with the filler material. It was observed 

that the tensile strength rose proportionally with the bead penetration and peaked at 608 MPa at 160 Amps welding current. However, 

when the welding current was at 100 Amps, the tensile strength was weaker at 515 MPa, as a result of inadequate heat and fusion. It is 

equally interesting to note that at 120 Amps and 140 Amps, the rise in tensile strength was less productive at 532 MPa and 574 MPa, and 

was correlated to more metallurgical bonding. However, when the welding current was increased to 180 Amps, the bead penetration was 

the most profound, thus resulting in the lowest tensile strength of 590 MPa and simultaneously the highest bead penetration. This is at-

tributed to the excessive bead and heat input, resulting in the coarsening of grains. 160 Amps of welding current is ideal because the fused 

bead has deep penetration while providing excellent mechanical properties of the joint. No softening of the motorized assets of the joint 

was observed at this current. 

 
Table 4: Result of Welding Current on Bead Penetration and Tensile Strength 

Welding Current (A) Bead Penetration (mm) Tensile Strength (MPa) 

100 2.1 515 

120 2.8 532 
140 3.5 574 

160 4.2 608 

180 4.5 590 

3.2. Effect of welding speed on bead geometry and microhardness 

The width of the bead and the sample's microhardness were directly impacted by the welding speed. Due to prolonged exposure and a 

larger rise in temperature, which allows the welding pool to expand, the microhardness was at its lowest at the slowest welding speed of 3 

mm/s and at its greatest for all other examined conditions, 7.8 mm. Due to the equilibrium between the welding's heat supply and outflow, 

microhardness increased and bead width shrank to 6.5 and 5.2 mm at welding speeds of 4 mm/s and 5 mm/s. The link between microhard-

ness and welding speed is proportional. 

 
Table 5: Effect of Welding Speed on Bead Geometry and Microhardness 

Welding Speed (mm/s) Bead Width (mm) Microhardness (HV) 

3 7.8 198 

4 6.5 210 
5 5.2 220 

6 4.8 230 

3.3. Effect of arc voltage on weld quality and defects 

Sufficient arc voltage impacted weld quality and defects differently. Undercut depth was 0.5 mm, and spatter was 3.8% while porosity was 

4.5% which was reached at 18V due to having no stable arc. Undercut depth was lowered, and arc stability became better at 20V, where 

arc porosity was then at 3%-1% and spatter was 2%-5%. Undercut depth was also lowered to 0.2 mm, porosity and spatter dropped to 1.8% 
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and 1.5%. The arc was then stable at 22V. All 3 defects then increased while the undrilled depth was also 0.4 mm 24V was reached. The 

best quality arcs were 22V, while other defects were controlled. 

 
Table 6: Effect of Arc Voltage on Weld Quality and Defects 

Arc Voltage (V) Arc Stability Porosity (%) Spatter (%) Undercut Depth (mm) 

18 Poor 4.5 3.8 0.5 

20 Moderate 3.1 2.5 0.4 

22 Excellent 1.8 1.5 0.2 
24 Moderate 3.4 2.8 0.4 

3.4. Grey relational grade for optimized parameters 

Combining different GRA optimization techniques demonstrated a grey relational grade of maximum 0.924 for the combination of 5 mm/s 

for welding speed, 22 V for arc voltage, and 160 A for welding current, which produced balanced bead penetration accompanied by tensile 

strength and microhardness. A grade of 0.785 at 100 A, 20 V, and 4 mm/s demonstrated the poor welding quality. These results prove the 

improvement in the mechanical and structural properties due to the optimal settings. 

 
Table 7: Grey Relational Grade for Different Parameter Combinations 

Welding Current (A) Arc Voltage (V) Welding Speed (mm/s) Grey Relational Grade 

100 20 4 0.785 

120 22 5 0.812 

140 22 5 0.86 
160 22 5 0.924 

180 24 6 0.891 

3.5. Tensile strength and microhardness of optimized welds 

The optimized welding parameters resulted in notable improvements in tensile strength and microhardness. Table 8 shows that the tensile 

strength increased from 574 MPa to 608 MPa, representing a 6.4% improvement. Microhardness increased from 198 HV to 230 HV, 

reflecting a 15.2% enhancement due to refined grain formation and reduced defect density. The significant improvements confirmed the 

effectiveness of the GRA-based optimization strategy in producing high-quality welds. 

 
Table 8: Mechanical Properties of Optimized Welds 

Property Initial Value Optimized Value Improvement (%) 

Tensile Strength (MPa) 574 608 6.4 

Microhardness (HV) 198 230 15.2 

3.6. Microstructural characteristics of the welded joint 

The fusion zone exhibited fine and controlled cooling rate. The HAZ displayed a transition in grain size, with finer grains near the fusion 

line. Table 9 summarizes the grain size in different regions of the welded joint. 

 
Table 9: Grain Size in Different Regions of Welded Joint 

Region Grain Size (µm) 

Base Material 20.5 
Heat-Affected Zone (HAZ) 12.3 

Fusion Zone 9.8 

3.7. Comparison with other optimization techniques 

GRA has proven effective in optimizing welding parameters, and comparing it to other optimization techniques will yield a better under-

standing of its advantages and shortcomings. One such alternative is the Taguchi approach to DOE for single-attribute objective functions, 

which aims to minimize variation. While Taguchi can be useful in enhancing the quality of a system's output, GRA is capable of multi-

objective optimization polish wherein several traits of welding, for instance, tensile strength and microhardness, can be improved simulta-

neously. GRA's approach to complex interactions between parameters is also more effective than Taguchi's for certain systems, which rely 

on orthogonal array techniques. Another example of GRA applicability is the work of Genetic Algorithms, which is a procedure aiming to 

solve global multi-objective optimization problems. GRA is simpler and less resource-intensive than GAs because of the optimization via 

crossover and mutation processes. In cases where results are needed quickly, GAs are less suitable due to the higher computational com-

plexity. Also, GRA's applicability goes beyond MIG welding to other processes, including TIG welding and laser welding. For example. 

TIG or laser welding may differ in heat input, arc stability, and weld penetration, which may hinder direct applicability. However, more 

research is needed to explore how GRA can be adjusted to optimally solve these processes. 

3.8. Limitations of GRA 

Grey Relational Analysis (GRA) has optimization limitations while working with welding parameters, especially with stainless steel. One 

of the limitations has to do with excessive sensitivity to data normalization. Normalizing sets with different units has an impact. Each 

range, vector, or other form of normalizing will have different outputs as to the grey relational grade. What balance and normalization are 

done to the data will determine the outcome of reliability of the outcome. 

Moreover, the optimization of GRA is usually done for specific materials and certain welding processes. The successful results GRA yields 

while using AISI 304 stainless steel are not necessarily the case for other substrates (aluminum, high carbon steels) or other welding 

techniques (TIG or laser welding) will have parameters and process settings that are significantly different. GRA is going to be difficult to 

apply in these circumstances, which limits the overall flexibility of GRA to be used across multiple different industries. 
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3.9. Future directions 

Even though this study seeks to optimize the Grade us as the GRA Method for MIG welding the AISI 304 stainless steel, there is still room 

for further research. One area worth exploring is the application of GRA in other welding methods, for instance, TIG welding or laser 

welding. There is a significant gap in knowledge on how GRA optimizes parameters for these processes. An equally valuable direction is 

GRA combined with real-time defect monitoring systems for adaptive process control. This combination would facilitate the progressive 

alteration of welding parameters for greater welding quality and lower real-time defects. Future research might also focus on GRA in eus 

multi-material welding, for instance, to join different metals together and achieve the best possible welds. Lastly, the large-scale Parameter 

variations, which are more complex, would be the best for further studies on the scalability of GRA. 

4. Conclusion 

The results demonstrated that increasing welding current enhanced bead penetration, while higher welding speeds improved microhardness 

due to finer grain formation. Optimal arc voltage ensured stable arc formation, reduced spatter, and minimized defect formation. Mechan-

ical testing revealed a tensile value is 6.4% increased and a 15.2% increase in microhardness (from 198 HV to 230 HV) under optimized 

conditions. Microstructural analysis confirmed refined grain size in the fusion zone and reduced porosity, highlighting the consistency of 

the welding process. Confirmation tests validated the predicted values, with a maximum deviation of less than 1%, demonstrating the 

reliability of the GRA-based optimization methodology. Compared with previous studies, the optimized parameters produced higher tensile 

strength and microhardness. This study establishes a robust framework for optimizing stainless steel welding and provides valuable insights 

for improving welding performance in industrial applications. 
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