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Abstract - This study experimentally analyzed the cutting behavior of IS 2062 Gr B steel 

using a computer numerical control plasma arc cutting (PAC) system. Several experiments 

were conducted to study the effect of the PAC key parameters, namely, the arc current, arc 

voltage, cutting speed, thickness of material, and pierce height, on the rates of material removal 

(MRR) and surface roughness (Ra). The Taguchi L18 orthogonal array was selected to design 

the experimental setup.  The results showed that MRR was mostly affected by the thickness 

of the material and the arc current, while Ra was mostly influenced by material thickness, arc 

voltage, and cutting speed. Analysis of variance revealed that material thickness contributed 

87.01% to the variation of MRR and 60.77% of Ra. The optimum parameter conditions for 

maximum MRR were 200 A arc current, 149 V arc voltage, 4500 mm/min cutting speed, 10 

mm thickness, and 5.4 mm pierce height. The minimum Ra was found at the optimum 

conditions of 130 A arc current, 151 V arc voltage, 4500 mm/min cutting speed, 4 mm 

thickness, and 3 mm pierce height. The regression models developed for MRR and Ra were 

validated through 15 additional experiments, which showed close agreement with the 

predictions. To ensure excellent productivity and cut quality in industrial applications, this 

study offers experimentally validated settings for the PAC of IS 2062 Gr B steel. 
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1. Introduction 

The plasma arc cutting (PAC) method is a thermal cutting method that uses a narrow jet of high-temperature ionized 

plasma to melt and expel the material from the workpiece. It has become more prevalent in the industry because it can 

cut electrically conductive metals quickly, accurately, and with little post-processing [1]. PAC is used in manufacturing 

industries to produce very complex profiles with little tool change, which leads to increased efficiency in production 

compared to conventional mechanical cutting [2]. PAC is commonly used for cutting metals in various industries, such 

as manufacturing, shipbuilding, railroad wagons, and machine fabrication [3]. PAC works by ionizing the cutting gas or 

plasma, which produces a high-energy arc between the electrode and the workpiece, and then focusing the energy on a 

small area by passing the plasma stream through a nozzle. Rapid heating and localized melting develop, and the force of 

the plasma jet causes the molten metal to be expelled, creating smaller heat-affected zones (HAZ) [4]. The creation of the 

HAZ is crucial for preserving the surface finish and structural integrity [5-6]. The cutting of material by PAC application 

is affected by some process variables, such as cutting speed, arc current, gas pressure, and standoff distance. Studies 

indicate that the heat input and, therefore, the HAZ, decrease with increasing cutting speed, but the surface roughness can 

increase with excessive cutting speed [6]. Naganathan et al. [7] conducted an experimental study on plasma arc machining 

to investigate the effect of nickel nano-coated copper nozzles on surface roughness and machining efficiency. Dos Santos 

et al. [8] stated that holes made by PAC have a rougher surface than those made by helical milling, which affects how 

well tapping works. 

In this study, steel IS 2062 Gr. B was used as a workpiece, which is a low-carbon, hot-rolled structural steel that is 

used extensively in heavy engineering, construction, and industrial fabrication. It is highly valued for its wear resistance, 

high toughness, and ability to maintain mechanical strength at high temperatures, which makes it appropriate for use in 

the petrochemical, oil and gas, and structural sectors [9]. During the welding process, decreased carbide precipitation 

reduces vulnerability to intergranular and localized corrosion [10]. There are many other materials that were used by 

different researchers in the PAC process. Sonu and Singla [11] carried out experimental research on EN-45A material 

and optimized the parameters of the plasma arc cutting process. The EN-45A material's machinability was the main focus 

of the study in order to determine the effects of different process variables and the optimal conditions for reaching the 

maximum material removal rate. According to Rzeźnikiewicz et al. [12], air plasma cutting is applicable for a number of 

building materials such as copper, aluminum alloys, and high-strength steels. Hang et al. [13] tested CT3 steel of different 

thicknesses by means of a Bruco CNC plasma cutting machine. An experimental study of plasma arc cutting of structural 

steel was performed by Bhuvenesh et al. [14]. Chamarthi et al. [15] studied plasma arc cutting Hardox-400 steel plates 

employing DoE to evaluate the surface unevenness caused by variations in arc voltage, cutting speed, and plasma gas 

flow rate. The ANOVA showed profiles of the cuts varied with plate orientation, but the parameters did improve surface 

quality once optimized. Kumar [16] carried out a factorial DOE and Taguchi-based optimization of PAC parameters for 

AISI 206 steel, emphasizing kerf width and penetration depth. Using optimization techniques like Taguchi and ANOVA, 

Sharma et al. [17] verified that cutting speed, current, and gas pressure are significant factors influencing MRR. 
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However, there is still a lack of research on machining via PAC on steel IS2062 Gr B material, despite its widespread 

use in industry. Recent studies have indicated that there is a requirement for further investigation to calculate the 

influences of arc current, arc voltage, cutting speed, material thickness, and pierce height on MRR and surface roughness 

for IS2062 Gr B steel, as no prior research has been conducted on this topic [18]. Examining the performance of PAC on 

this material is important from both commercial and technical standpoints, given its extensive economic significance and 

industrial use. The novel aspect of this study is that it addresses a research gap by examining IS 2062 Gr B material and 

systematically investigating how key PAC parameters, such as arc current, arc voltage, cutting speed, material thickness, 

and pierce height, affect MRR and Ra, both alone and in combination, using experimental and statistical methods. In this 

study, the experimental processes are kind of set up with a Taguchi orthogonal array so that the influence from several 

parameters can be captured effectively. In addition, ANOVA was used to determine the parameters that matter most, as 

well as the percentage share they give to MRR and Ra. To obtain a smaller Ra and a larger MRR, optimal parameter 

settings were identified, and then a few confirmatory experiments were conducted to validate the findings. An additional 

novelty of this work is that regression models for both MRR and Ra were constructed using experimental data and 

validated with an additional fifteen experiments to ensure predicted accuracy. 

2. Materials and Methods 

This section discusses the material specifications, experimental setup, and experimental design employed in this study. 

2.1 Material Specifications 

PAC is a thermal cutting process that removes material using a focused, high-speed stream of ionized gas, commonly 

known as plasma. The test specimen was made of IS 2062 Gr B steel. The alloy constituents of IS 2062 Gr B steel plates 

inherit several properties. However, the plates' strong durability, high ductility, stability at high temperatures, and capacity 

to withstand corrosion are some of its properties [9]. Tables 1, 2, and 3 present the material's chemical composition, 

mechanical properties, and thermal properties [18]. 

Table 1. Chemical composition of IS2062 Gr B steel 

Grade 

Designation 
Quality 

Ladle Analysis, Maximum % Carbon Equivalent (CE), 

Maximum % 
Mode of Deoxidation 

C Mn S P Si 

2062 Gr B 0.22 1.50 0.045 0.045 0.40 0.41 Semi-killed /killed 

The elements that constitute IS 2062 Gr B steel are sulfur (S), manganese (Mn), silicon (Si), phosphorus (P), and carbon 

(C). The carbon content is limited to a maximum of 0.22%, which helps maintain good weldability and reduces the risk 

of brittleness. 

Table 2. Mechanical properties of IS2062 Gr B steel 

Material 
Yield strength (MPa) Elongational 

(%) 

Tensile strength 

(MPa) 20 MPa - 40 MPa ＜20 MPa ＞40 MPa 

IS 2062 GR B 240 250 230 23 410 

Manganese is present up to 1.50%, which improves strength and toughness without compromising ductility. The 

presence of sulfur (S) and phosphorus (P) is restricted to 0.045% each, as higher levels of these elements can lead to 

brittleness and reduced mechanical properties of the steel. Additionally, silicon may be present up to 0.40%, contributing 

to increased strength and improving the steel’s ability to withstand deformations.   

Table 3. Thermal properties of IS 2062 Gr B steel 

Thermal properties of IS 2062 Gr B Value 

Density 8000 Kg/m³ 

Coefficient of thermal expansion 0.000013/°C 

Thermal conductivity 0.032 kW/m°C 

Specific heat 481.000 J/Kg°C 

2.2 Experimental Setup 

Initially, 300 × 500 mm rectangular parent plates with 4 mm, 6 mm, and 10 mm thicknesses were utilized. Using the PAC 

method, smaller test specimens measuring 80 × 80 mm and with the same thicknesses were created from these plates to 

conduct the experiments. Figure 1 depicts the Computer Numerical Control (CNC) MAXPRO200 plasma arc cutting 

machine used for the experiments. The power supply maintains a steady current by adjusting the voltage as needed. The 

high-frequency starter generates a quick pulse to ionize the gas and initiate the arc.  The cathode, or negative electrode, 

is located inside the nozzle of the torch through which the gas passes. Excessive energy is gained by the gas as it is forced 

through a small nozzle opening, changing into plasma and cutting the metal. During the cutting operation, the torch moves 

over the workpiece, while the workpiece remains stationary, as shown in Figure 1. Table 4 lists the essential operational 

features and capabilities of the plasma arc cutting machine. 
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Figure 1. (a) CNC plasma arc cutting machine, (b) CAD design showing the torch movement direction,  

(c) Specimen dimensions for thicknesses of 4 mm, 6 mm, and 10 mm, (d) 3D design of specimen 

 Table 4. Specifications of CNC plasma arc cutting machine 

Parameter Value 

Maximum open circuit voltage 360 VDC 

Maximum output current 200 A 

Output voltage 50 – 160 VDC 

Duty cycle rating 100% @33 kW, 40° C 

Ambient temperature -10° C to +40° C 

Power factor 0.98 @ 33 kW output 

Cooling Forced Air (Class F) 

Insulation Class H 

The equipment comprised major parts such as the CNC operator, monitoring screen, movable column, power supply, 

plasma torch, lathe bed, electrode, nozzle, and cutting table. The torch position is kept vertical with respect to the 

workpiece. The maximum production capacity is the maximum thickness that can be cut at 100% duty cycle. Compressed 

air is commonly utilized as the cutting gas, simplifying and reducing the cost of the process. In this work, air was employed 

as both the primary plasma gas and the secondary shielding gas. The nozzle assembly of a plasma arc machine torch is 

made up of several parts. These consist of the shield cap, nozzle, swirl ring, electrode, and nozzle retaining cap. It is 

crucial that the various components of the plasma torch are assembled properly. Each component contributes to the plasma 

arc's formation and direction, enabling the torch to precisely and correctly cut through any metal [19]. In PAC, several 

process parameters are crucial in determining the quality and efficiency of the cut. The amount of electrical energy 

required to create the plasma arc is controlled by the arc current, which is expressed in amperes (A). Arc voltage (V) can 

assist in maintaining a stable arc and yield a smoother cut, but if the voltage is excessively high, it may cause the arc to 

become unstable [10]. Cutting speed is another important element; it relates to the speed at which the torch moves across 

the material. Material thickness is the depth of the workpiece being cut. Pierce height is the initial distance between the 

workpiece and the torch at the beginning of the cut. The selection of appropriate process factors and their impact on part 

quality evaluation are essential for improving PAC's cutting quality and performance characteristics [20].  

 Thirty-three experiments were conducted in this study to explore MRR and Ra under different parameter conditions, 

with two confirmation experiments conducted. Figure 2 shows image views of the 33 experiments, with experiment 

numbers labeled individually. The specimen models were initially created using AutoCAD.  The AutoCAD drawing was 

then loaded into OmniCAD for nesting, which resulted in a more efficient cutting process.  Nesting in CNC is the 

technique of arranging components on a material sheet to reduce waste and increase efficiency.  Once the drawing was 

properly nested, it was transferred into the plasma arc CNC controller, and the machine was ready to cut after a thorough 

inspection.  The duration of each experiment was recorded using a stopwatch. The material removal rate is an essential 

measure that quantifies the amount of material removed per unit of time during machining [21]. Roughness is often also 

a good indicator for the performance of a mechanical component because surface imperfections can act as sites for 

nucleation of corrosion or cracks [22]. In this work, the average surface roughness was measured. The average roughness 

can be defined as the integral of the absolute value of the roughness profile height over the length. A dial indicator was 

used to measure the surface roughness. This study involved 18 experiments utilizing the Taguchi L18 orthogonal array 

for model development and analysis, alongside an additional 15 experiments conducted independently to validate the 

regression models. 
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Figure 2. Image views of thirty-three experiments with each experiment numbered sequentially 

2.3 Design of Experiment 

Design of Experiment (DoE) is a statistical method that deals with planning, conducting, analyzing, and interpreting 

experiments to determine how different factors affect process performance and find the best values for those variables 

[23]. The whole analysis was centered around five factors: arc current, arc voltage, cutting speed, material thickness, and 

pierce height. The factor with different levels is shown in Table 5. The arc current was varied between two values: 130 A 

and 200 A. Three levels of arc voltage adjustment (147, 149, and 151 V) were used to determine how variations in arc 

energy affected the cut. Three distinct values, which correspond to slow to fast torch movement, were chosen for the 

cutting speed: 3500 mm/min, 4000 mm/min, and 4500 mm/min. Metal plates with thicknesses of 4 mm, 6 mm, and 10 

mm were employed in the experiment to ensure a range of workpieces from extremely thin to moderately thick. Lastly, 

three different values for the pierce height were taken: 3.0 mm, 4.2 mm, and 5.4 mm. These specific parameter values 

allowed for a systematic investigation into how each factor contributes to cutting quality and efficiency. 

Table 5. Factors and their levels used in the experimental design 

Factor Level 1 Level 2 Level 3 

Arc current, Ia (A) 130 200 – 

Arc Voltage, Va (V) 147 149 151 

Cutting speed, vc 

(mm/min) 
3500 4000 4500 

Material thickness, tm 

(mm 
4.0 6.0 10.0 

Pierce height, hp (mm) 3.0 4.2 5.4 

 The Taguchi method uses orthogonal arrays (OAs) to design experiments in a systematic manner, while accounting 

for the influence of several process parameters on the output. The challenging part is selecting the appropriate OA, which 

is mostly determined by the total DOF, which is calculated as the count of factors plus the number of levels each factor 

has. In this experimental setup, four factors were at three levels and one factor was at two levels; therefore, the overall 

DOF was 9, calculated as factors × (number of factor levels – 1) [23]. The OA was determined such that its DOF was 

either equal to or greater than that of the operation parameters. To accommodate this, the L18 (2¹ × 3⁴) orthogonal array 

was selected, as it supports one 2-level factor and up to seven 3-level factors. The influence of all these factors on the 

performance characteristics was controlled by the signal-to-noise (S/N) ratio [24]. The S/N ratio for the larger-the-better 

case can be calculated using Eq. (1), where Eq. (2) is used for the smaller-the-better situation [23]. 

𝑆 𝑁⁄ = −10 𝑙𝑜𝑔(∑
1

𝑛
(1/𝑦2)) (1)                                                                         

𝑆 𝑁⁄ = −10 𝑙𝑜𝑔(∑
1

𝑛
(𝑦2)) (2)                                                                         
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where, response is y and n are the number of observations made for each run, and the value is 1. The optimal value and 

percent significance of each parameter were calculated using ANOVA. Using the optimum set of parameters, Eq. 3 gives 

the expected S/N [23]. 

(𝑆/𝑁)𝑝 = (𝑆/𝑁)̅̅ ̅̅ ̅̅ ̅̅ +∑((𝑆/𝑁)𝑖 − (𝑆/𝑁)̅̅ ̅̅ ̅̅ ̅̅ )

𝑚

𝑖=1

 

 

(3) 

where, (𝑆/𝑁)̅̅ ̅̅ ̅̅ ̅̅ ,  (𝑆/𝑁)𝑝, and (𝑆/𝑁)𝑖 are the mean, predicted, and optimum S/N ratio respectively. m is equal to the 

number of control factors. 

3. Results and Discussion 

Initially, 18 experiments were conducted, with five key variables: cutting speed, arc voltage, arc current, material 

thickness, and pierce height. For each experiment, the MRR and Ra were calculated. Tables 6 and 8 present the full 

configuration of every experimental setup, together with the corresponding outcomes. Furthermore, for each experimental 

run, the S/N ratio was calculated for both MRR and Ra; the findings are displayed in Tables 6 and 8, respectively.  To 

ascertain the impact of each factor level on the performance metrics, average S/N ratios were computed.  The impacts of 

these averages on MRR and Ra are shown in Figs. 4 and 5, respectively.  Table 7 shows the corresponding values of 

response for S/N ratios, which highlight the impacts of the level of every factor.  The analysis of the findings was 

performed at a significance level of 0.05.  

3.1 Effect of Different Parameters on MRR 

The main effects plot for the S/N ratios (Figure 3) describes the effect of the process parameter on the MRR, taking the 

larger-is-better criterion. The parameters can be ranked according to their effect on the S/N ratio. The arc current is an 

important factor influencing the S/N ratio. The mean S/N ratio increased with an increase in the arc current from 130 A 

to 200 A. The higher the arc current, the more energy delivered to the plasma, thereby improving the thermal efficiency 

of the cutting process [25]. 

Table 6. Experimental findings and S/N ratios for MRR with varied arc current, arc voltage, cutting speed, material 

thickness, and pierce height 

Exp. No Ia (A) Va (V) 
vc 

(mm/min) 
tm (mm) hp (mm) MRR (mm3/s) S/N for MRR 

1 130 147 3500 4 3 2987.16 69.51 

2 130 147 4000 6 4.2 3779.53 71.55 

3 130 147 4500 10 5.4 5169.63 74.27 

4 130 149 3500 4 4.2 2962.96 69.43 

5 130 149 4000 6 5.4 3930.40 71.89 

6 130 149 4500 10 3 5120.00 74.19 

7 130 151 3500 6 3 3954.69 71.94 

8 130 151 4000 10 4.2 5311.20 74.50 

9 130 151 4500 4 5.4 3137.25 69.93 

10 200 147 3500 10 5.4 5284.89 74.46 

11 200 147 4000 4 3 3212.05 70.14 

12 200 147 4500 6 4.2 5013.05 74.00 

13 200 149 3500 6 5.4 4794.01 73.61 

14 200 149 4000 10 3 5776.17 75.23 

15 200 149 4500 4 4.2 3531.03 70.96 

16 200 151 3500 10 4.2 5067.30 74.10 

17 200 151 4000 4 5.4 3316.06 70.41 

18 200 151 4500 6 3 4705.88 73.45 

The thickness of the material is another major parameter influencing the MRR. As the thickness increased from 4 mm 

to 10 mm, there was a steep increase in the S/N ratio. A thicker material favors longer arc contact and subsequently 

increases the MRR with better energy transfer from the plasma to the material [26]. The S/N ratio is moderately impacted 

by the cutting speed. The S/N ratio improves slightly but steadily as the cutting speed increases from 3500 mm/min to 

4500 mm/min. In plasma arc cutting, higher cutting speeds help with faster machining and consequently, higher rates of 

material removal. However, they also cause a major decline in surface roughness or machining quality [27]. 
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Table 7. Response table for ratios of S/N with rank and difference of S/N for MRR and Ra for three different levels of 

variables- arc current, arc voltage, cutting speed, material thickness, and pierce height 

Level 
MRR Ra 

Ia Va vc tm hp Ia Va vc tm hp 

1 71.91 72.32 72.18 70.06 72.41 -25.87 -26.65 -26.73 -24.93 -26.01 

2 72.93 72.55 72.29 72.74 72.42 -26.38 -26.27 -25.96 -26.09 -26.14 

3  72.39 72.80 74.46 72.43  -25.45 -25.68 -27.35 -26.23 

Delta 1.02 0.23 0.62 4.40 0.02 0.51 1.20 1.05 2.42 0.22 

Rank 2 4 3 1 5 4 2 3 1 5 

The arc voltage showed a slight variation in the SN ratio. From 147 to 149 V, the SN ratio slightly increased, and at 

151 V, it slightly decreased. This suggests that during plasma arc cutting, MRR first improved with a moderate increase 

in arc voltage. But MRR decreases after a certain voltage. In a related study, Bhuvenesh et al. [14] discovered that when 

using a manual plasma arc cutting machine to cut standard AISI 1017 steel, MRR first improved with a moderate increase 

in arc voltage but decreased as the voltage increased further. The energy density was sufficiently high to efficiently melt 

and expel the material at moderate arc voltages, thereby increasing MRR [20]. The workpiece is more likely to overheat 

as the voltage increases above a specific level, which could result in excessive melting instead of effective cutting [25]. 

 

Figure 3. The average S/N ratio behaviour for MRR for three different levels of variables: cutting speed, arc voltage, arc 

current, material thickness, and pierce height 

There was no noticeable change in the SN ratio with the pierce height because the curve remained mostly flat. This 

means that changes in pierce height within the range studied did not affect the MRR. This is because pierce height mostly 

affects the initial penetration and piercing quality, not the steady-state cutting process. Once the cutting starts, the height 

does not have much effect on the energy used or heat transferred at the cutting zone. Although it does not directly correlate 

with MRR, maintaining a constant pierce height is crucial for the best cutting performance. Research shows that changes 

in cutting speed and arc current have a greater impact on MRR than adjustments to pierce height [28]. The S/N ratio 

analysis (Table 7 and Figure 3) for MRR shows that the most important parameter is the material thickness. The other 

parameters, in order, are arc current, cutting speed, arc voltage, and piercing height, the least important.  

3.2 Effect of Different Parameters on Surface Roughness 

Using the smaller-the-better criterion, the main effects plot for the S/N ratios (Figure 4) shows how each process parameter 

affects the surface roughness. A higher mean S/N ratio, which corresponds to a lower surface roughness, is produced by 

a lower current (130 A). The Ra slightly increased as the arc current increased from 130 A to 200 A. Higher arc currents 

can cause more heat to enter the cutting area, which may make cutting more efficient but also make the surface rougher 

because of excessive melting and oxidation [29-30]. 
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Table 8. Experimental findings and S/N ratios for Ra with varied arc current, arc voltage, cutting speed, material 

thickness, and pierce height 

Exp. No Ia (A) Va (V) vc (mm/min) tm (mm) hp (mm) Ra (µm) S/N for Ra 

1 130 147 3500 4 3 19.845 -25.95 

2 130 147 4000 6 4.2 21.315 -26.57 

3 130 147 4500 10 5.4 22.867 -27.18 

4 130 149 3500 4 4.2 18.872 -25.52 

5 130 149 4000 6 5.4 20.432 -26.21 

6 130 149 4500 10 3 21.748 -26.75 

7 130 151 3500 6 3 17.940 -25.08 

8 130 151 4000 10 4.2 19.638 -25.86 

9 130 151 4500 4 5.4 15.306 -23.70 

10 200 147 3500 10 5.4 27.692 -28.85 

11 200 147 4000 4 3 18.278 -25.24 

12 200 147 4500 6 4.2 20.224 -26.12 

13 200 149 3500 6 5.4 22.289 -26.96 

14 200 149 4000 10 3 23.547 -27.44 

15 200 149 4500 4 4.2 17.246 -24.73 

16 200 151 3500 10 4.2 25.236 -28.04 

17 200 151 4000 4 5.4 16.712 -24.46 

18 200 151 4500 6 3 19.030 -25.59 

However, increasing the arc voltage from 147 V to 151 V makes the surface less rough. A higher arc voltage makes 

the arc more stable and maintains more stable cutting conditions, which can make the surface smoother [14]. Ra 

moderately decreases as the cutting speed increases from 3500 mm/min to 4500 mm/min. This is because faster speeds 

minimize the heat-affected zones and shorten the duration of heat exposure per unit length, resulting in smoother and 

cleaner surfaces. According to a recent study, higher cutting speeds typically yield smoother surfaces, whereas lower 

speeds typically result in higher Ra values [31]. Increasing the thickness of the material from 4 mm to 10 mm makes the 

surface much rougher. When materials are thicker, they hold more heat and cool down more slowly. This makes the heat-

affected zones larger and the melting and solidification patterns less regular. This makes the cut surface rougher. 

Bhuvenesh et al. [14] also found that thicker materials can make surface irregularities more noticeable, which is 

detrimental to the surface quality. The pierce height has a negligible impact on Ra. However, the Ra tends to increase 

slightly as the pierce height increases from 3.0 mm to 5.4 mm. When the torch is farther away from the material surface, 

there may be less effective initial penetration and more arc instability, which makes the surface rougher. The S/N ratio 

analysis (Table 7 and Figure 4) for surface roughness shows that the most important parameter is the material thickness, 

followed by the arc voltage, cutting speed, arc current, and pierce height, which is the least important.  

 

Figure 4. The average S/N ratio behaviour for Ra for three different levels of variables: cutting speed, arc voltage, arc 

current, material thickness, and pierce height 



S. Chakravarti et al. │ Journal of Mechanical Engineering and Sciences │ Volume 20, Issue 3 (2026) 

journal.ump.edu.my/jmes  12315 

3.3 Optimization of the MRR and Ra 

After assessing the effect of various parameters on MRR and Ra, the percentage contribution of each parameter was 

computed, and their values were optimized.  The ANOVA method (Table 9) was used to calculate the percentage of the 

total contribution of each parameter. The F-measure in ANOVA is a useful statistic for measuring the importance of 

differences in group means. According to the ANOVA results for MRR, the most important factor was the material 

thickness, which had a low P-value of 0.006 (<0.05), a very high F-value of 84.46, and a contribution of 87.01%. With a 

6.90% contribution, an F-value of 13.38, and a low P-value of 0.006, arc current is the next significant parameter that has 

a statistically significant effect on MRR. The low contribution percentages and high P-values (>0.05) of cutting speed (C 

= 1.66%, P = 0.259), arc voltage (C = 0.31%, P = 0.752), and pierce height (C = 0.01%, P = 0.991) on the other hand, 

suggest that they have little effect on the variation in MRR within the tested ranges. 

Table 9. The ANOVA findings for MRR and Ra display parameters: process parameters- PPS, sum of squares- SoS -, 

adjusted-Adj -, mean square- M.S -, degrees of freedom- DoF, contribution-C, and statistical significance- P 

P. P DF C (%) Adj SS Adj MS F-Value P-Value 

Ia 1 6.90 1,050,101 1,050,101 13.38 0.006 (Significant) 

Va 2 0.31 46,435 23,217 0.30 0.752 (Not Significant) 

vc 2 1.66 252,504 126,252 1.61 0.259 (Not Significant) 

tm 2 87.01 13,254,426 6,627,213 84.46 <0.001 (Significant) 

hp 2 0.01 1,369 684 0.01 0.991 (Not Significant) 

Error 8 4.12 627,753 78,469   

Total 17 100 15,232,587    

Ia 1 5.12 8.393 8.393 7.27 0.027 (Significant) 

Va 2 13.90 22.788 11.394 9.87 0.007 (Significant) 

vc 2 13.35 21.883 10.942 9.48 0.008 (Significant) 

tm 2 60.77 99.579 49.789 43.12 <0.001 (Significant) 

hp 2 1.23 2.020 1.010 0.87 0.453 (Not Significant) 

Error 8 5.63 9.237 1.155   

Total 17 100 163.900    

Overall, material thickness was the most dominant factor affecting MRR, contributing the highest percentage of 

variation, followed by arc current, which also exhibited a significant influence. Table 7 and the S/N diagram (Figure 3) 

show that the optimal parameter setup for maximizing MRR is Ia2Va2vc3tm3hp3. If the material thickness was a constraint 

(fixed at 10 mm), the best process settings for achieving a high MRR were an arc current of level 2 (200 A), an arc voltage 

of level 2 (149 V), a cutting speed of level 3 (4500 mm/min), and a pierce height of level 3 (5.4 mm). According to the 

surface roughness ANOVA results (Table 9), material thickness was the most important factor, accounting for 60.77% of 

the total variation. Strong statistical significance was confirmed by the extremely high F-value of 43.12 and the extremely 

low P-value of 0.000. With respective contributions of 13.90% and 13.35%, arc voltage and cutting speed were also 

significant. Their P-values were well below 0.05, suggesting that variations in these parameters also significantly affected 

Ra. At a contribution of 5.12% and a P-value of 0.027 (<0.05), arc current accounted for a smaller but statistically 

significant amount of the variation. With a low contribution of 1.23% and a high P-value of 0.453 (>0.05), Pierce height 

was not statistically significant in connection to Ra. Overall, Pierce height had a minor impact on surface roughness, while 

material thickness was the most important factor, followed by arc voltage, cutting speed, and arc current. According to 

the S/N ratios (Figure 4) and response table (Table 7), Ia1Va3vc3tm1hp1 was the optimum parameter combination for 

reducing Ra. The optimum conditions for the lowest Ra were an arc current at level 1 (130 A), arc voltage at level 3 (151 

V), cutting speed at level 3 (4500 mm/min), material thickness at level 1 (4 mm), and pierce height at level 1 (3 mm). 

3.4 Optimal Value 

The ANOVA approach considers the significant levels of process parameters to forecast the optimal value of the 

performance characteristics, that is, MRR and Ra. Using Eq. (3), the optimal S/N ratio values for the corresponding process 

parameters are determined. Table 10 shows (S/N)̅̅ ̅̅ ̅̅ ̅̅  value, ratio of S/N at the optimal parameter level [(S N)⁄
𝐼a

 , (S N)⁄
𝑉a

 , 

(S N)⁄
𝑣c

, (S N)⁄
𝑡m

, and (S N)⁄
ℎp

] obtained from Table 6, Table 7, and Table 8, respectively.  

Table 10. Ratio of S/N at the optimal parameter level and mean S/N ratio values for MRR and Ra 

Output (S/N)̅̅ ̅̅ ̅̅ ̅̅  (S N)⁄
𝐼a

 (S N)⁄
𝑉𝑎

 (S N)⁄
𝑣𝑐

 (S N)⁄
𝑡𝑚

 (S N)⁄
ℎ𝑝

 

MRR 72.76 72.93 72.55 72.80 74.46 72.43 

Ra -25.69 -25.87 -25.45 -25.68 -24.93 -26.01 

Finally, the MRR and Ra at the optimal level were obtained from Eq. 1 and Eq. 2, respectively. Table 11 lists the optimal 

predicted values for the performance characteristics. 
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3.5 Confirmation Test 

Once the optimal levels of process variables have been determined, a validation experimental test must be performed to 

Once the best levels of the process variables were worked out, there should be a validation experimental test to make sure 

the Taguchi and ANOVA analyses are actually correct in practice. To strengthen the findings, two types of confirmation 

tests were conducted using the optimum factor settings, one addressing MRR and the other addressing Ra. Table 11 shows 

the predicted values side by side with the confirmatory experiments conducted. The fact that the confirmation results have 

such a low percentage error proves that the analyses are accurate. 

Table 11. Comparison of confirmatory mean and predicted values with error % for MRR and Ra 

Output 

characteristics 

Optimum combination 

of parameters 

Confirmatory Mean 

value 

Predicted 

Value 
Error (%) 

MRR Ia2Va2vc3tm3hp3 5082.91 5270.64 3.64 

Ra Ia1Va3vc3tm1hp1 18.18 19.09 4.75 

3.6 Regression Analysis 

Regression analysis is a statistical method that checks how variables relate and then tries to determine the most suitable 

fitted model for forecasts or practical solutions [23]. Here, the present work put together a multiple linear regression 

model, and it did that with the experimental information listed in Tables 6 and 8, using both the input factors and the 

output findings from the experimental process. Table 12 shows the values for R2, R2 (adjusted), and R2 (predicted) 

obtained by the model.  

Table 12. R2, R2 (adjusted), and R2 (predicted) results for the MRR and Ra regression equations 

Regression R2 R2 (predicted) R2 (adjusted) 

MRR 95.88% 91.24% 79.14% 

 Ra 92.06% 88.75% 82.17% 

For each MRR and Ra, the high R2, R2 (adjusted), and R2 (predicted) results indicate that the models were precise, 

predictive, and well-suited to the data. Equations 4 and 5 are the regression equations for the MRR and Ra models, 

respectively: 

𝑀𝑀𝑅 = −409 + 6.90𝐼𝑎 + 1.9𝑉𝑎 + 0.271𝑣𝑐 + 332.6𝑡𝑚 − 8.6ℎ𝑝 (4) 

𝑅𝑎 = 121.4 + 0.01951𝐼𝑎 − 0.682𝑉𝑎 − 0.002575𝑣𝑐 + 0.9368𝑡𝑚 + 0.341ℎ𝑝 (5) 

The regression models (Eqs. 4 and 5) are straight lines. The main effects plot for Arc Voltage (Figure 3) shows a trend 

that is not linear (it goes up and then down). The linear regression model provides a good idea of the overall trend of the 

data, but it cannot mathematically recreate the inflection point that was observed at 149 V. First, the created models were 

compared to the experimental record (Tables 6 and 8 for MRR and Ra, respectively, Exp. At first, the created models 

were compared to the experimental record (Table 6 for MRR and Table 8 for Ra, Exp. No. 1-18). Second, run the 

regression model on a new set of experimental data (Exp. No. 19-33). This sort of validation helps to show the real-world 

usefulness or practical applicability of the current regression model when it meets new data. After that, Table 13 and 

Table 14 present, side by side, the results comparing the measured values with the estimated MRR and Ra produced by 

the regression model. Here, these comparisons are shown for the first and second validation situations, respectively. The 

visual representations of the thirty-three experiments are also depicted in Figure 2. 

To gauge the accuracy of the regression model, the absolute error was calculated in every run. It is the percentage 

difference between what was found experimentally and what was expected theoretically, i.e., from the regression 

equations. Thirty-three experimental data points were used to validate the MRR regression model (Table 13). The findings 

(Table 13) demonstrate that the model produces extremely accurate predictions for the initial dataset (experiments 1–18), 

with error percentages generally falling within a small range, usually less than 5%, with some cases as low as 0.13%. This 

validates the accuracy of the model during development. The regression model continued to perform effectively during 

the extended validation with the additional fifteen testing points (experiments 19-33), with the majority of prediction 

errors remaining below 10%. Two cases showed errors of more than 10%.  However, the overall prediction performance 

was consistent and acceptable for practical applications. 
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Table 13. Error percentage, or the difference between regression-predicted values and experimental data for MRR 

Exp. 

No. 
Ia (A) Va (V) 

vc 

(mm/min) 
tm (mm) hp (mm) 

MRR from 

Experiment (mm3/s) 

MRR from Regression 

Eq. (mm3/s) 

Error 

(%) 

1 130 147 3500 4 3 2987.16 3020.40 1.11 

2 130 147 4000 6 4.2 3779.53 3810.78 0.83 

3 130 147 4500 10 5.4 5169.63 5266.36 1.87 

4 130 149 3500 4 4.2 2962.96 3013.88 1.72 

5 130 149 4000 6 5.4 3930.40 3804.26 3.21 

6 130 149 4500 10 3 5120.00 5290.80 3.34 

7 130 151 3500 6 3 3954.69 3693.20 6.61 

8 130 151 4000 10 4.2 5311.20 5148.78 3.06 

9 130 151 4500 4 5.4 3137.25 3278.36 4.50 

10 200 147 3500 10 5.4 5284.89 5478.36 3.66 

11 200 147 4000 4 3 3212.05 3638.90 13.29 

12 200 147 4500 6 4.2 5013.05 4429.28 11.65 

13 200 149 3500 6 5.4 4794.01 4151.76 13.40 

14 200 149 4000 10 3 5776.17 5638.30 2.39 

15 200 149 4500 4 4.2 3531.03 3767.88 6.71 

16 200 151 3500 10 4.2 5067.30 5496.28 8.47 

17 200 151 4000 4 5.4 3316.06 3625.86 9.34 

18 200 151 4500 6 3 4705.88 4447.20 5.50 

19 130 149 3500 6 5.4 3410.30 3668.76 7.58 

20 130 149 4000 10 3 5148.83 5155.30 0.13 

21 130 149 4500 4 4.2 3324.68 3284.88 1.20 

22 130 151 3500 10 4.2 4855.84 5013.28 3.24 

23 130 151 4000 4 5.4 3417.89 3142.86 8.05 

24 130 151 4500 6 3 4137.93 3964.20 4.20 

25 200 147 3500 4 4.2 2895.93 3493.08 20.62 

26 200 147 4000 6 5.4 4388.57 4283.46 2.40 

27 200 147 4500 10 3 5087.44 5770.00 13.42 

28 200 149 3500 6 3 4512.34 4172.40 7.53 

29 200 149 4000 10 4.2 5745.06 5627.98 2.04 

30 200 149 4500 4 5.4 3770.25 3757.56 0.34 

31 200 151 3500 10 5.4 4945.90 5485.96 10.92 

32 200 151 4000 4 3 3436.24 3646.50 6.12 

33 200 151 4500 6 4.2 4324.32 4436.88 2.60 

Similarly, the first 18 experimental data points were used to build the regression model for Ra, and the remaining 15 

experiments were used to test the model's predictive ability in addition to retesting the first 18 samples, as shown in Table 

14. The error percentage (Table 14) for the initial dataset (Exp. No. 1-18) was largely within a reasonable range, usually 

less than 10%, with many values around 1–5%, indicating a strong model fit. For example, experiments 1, 3, 4, and 10 

had extremely low errors of 2.04%, 1.91%, 2.05%, and 1.61%, respectively.  This implies that the model accurately 

captured the effect of process variables on Ra during model building. For the additional testing data (Exp. No. 19–33), the 

model's predictions were strongly accurate for multiple runs, including Exp. No. 19 (0.51% error) and Exp. No. 21 (1.36% 

error), indicating the model's overall validity.  However, three cases had errors of more than 10%. Overall, the model 

showed good surface roughness prediction ability, with the majority of errors being reasonably small. The regression 

model's graphical presentation for MRR and Ra is displayed in Figure 5, along with the experimental values used to 

validate the model.  Figure 5 demonstrates how closely the output predicted by the regression model matches the output 

observed experimentally.  This suggests that the MRR and Ra regression formulae are highly precise. 
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Table 14. Error percentage, or the difference between regression-predicted values and experimental data for Ra 

Exp. 

No 
Ia (A) Va (V) 

vc 

(mm/min) 
tm (mm) hp (mm) 

Ra from 

Experiment (µm) 

Ra from Regression 

Eq. (µm) 

Error 

(%) 

1 130 147 3500 4 3 19.845 19.440 2.04 

2 130 147 4000 6 4.2 21.315 20.435 4.13 

3 130 147 4500 10 5.4 22.867 23.304 1.91 

4 130 149 3500 4 4.2 18.872 18.485 2.05 

5 130 149 4000 6 5.4 20.432 19.481 4.66 

6 130 149 4500 10 3 21.748 21.122 2.88 

7 130 151 3500 6 3 17.940 18.586 3.60 

8 130 151 4000 10 4.2 19.638 21.455 9.25 

9 130 151 4500 4 5.4 15.306 14.955 2.29 

10 200 147 3500 10 5.4 27.692 27.245 1.61 

11 200 147 4000 4 3 18.278 19.518 6.79 

12 200 147 4500 6 4.2 20.224 20.514 1.43 

13 200 149 3500 6 5.4 22.289 22.134 0.70 

14 200 149 4000 10 3 23.547 23.775 0.97 

15 200 149 4500 4 4.2 17.246 17.276 0.17 

16 200 151 3500 10 4.2 25.236 24.108 4.47 

17 200 151 4000 4 5.4 16.712 17.609 5.37 

18 200 151 4500 6 3 19.030 17.376 8.69 

19 130 149 3500 6 5.4 20.875 20.768 0.51 

20 130 149 4000 10 3 23.018 22.409 2.64 

21 130 149 4500 4 4.2 16.130 15.910 1.36 

22 130 151 3500 10 4.2 24.470 22.742 7.06 

23 130 151 4000 4 5.4 17.653 16.243 7.99 

24 130 151 4500 6 3 14.765 16.011 8.44 

25 200 147 3500 4 4.2 21.111 21.215 0.49 

26 200 147 4000 6 5.4 24.981 22.210 11.09 

27 200 147 4500 10 3 26.876 23.852 11.25 

28 200 149 3500 6 3 22.801 21.315 6.52 

29 200 149 4000 10 4.2 25.973 24.184 6.89 

30 200 149 4500 4 5.4 16.580 17.685 6.67 

31 200 151 3500 10 5.4 29.001 24.517 15.46 

32 200 151 4000 4 3 15.132 16.790 10.96 

33 200 151 4500 6 4.2 18.506 17.786 3.89 

 

Figure 5. Comparison of MRR and Ra between findings from experiments and the regression model for different run 

numbers 

4. Conclusions 

The effect of important PAC parameters, such as the arc current, arc voltage, cutting speed, material thickness, and pierce 

height, on the MRR and Ra during machining of IS 2062 Gr B steel was studied in this research. The evaluation of the 

performance of PAC on this material is of both technical and commercial importance, as this material is used industrially 

on a large scale and is of economic importance. The study used the Taguchi method, ANOVA, and regression modelling 

for the optimization of the cutting process and to provide a comprehensive understanding of the parameter interactions. 

The experimental work was performed in a CNC plasma arc cutting machine to study the MRR and Ra with variations in 
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parameters. The S/N analysis for MRR shows that the most important parameter is material thickness, followed by arc 

current, cutting speed, arc voltage, and pierce height, which is the least important. Cutting speed exhibited a moderate but 

consistent positive effect on MRR, and the MRR increased sharply with increasing thickness and higher arc current. 

While the pierce height had little effect because the S/N curve remained almost flat. In addition, it was observed that the 

MRR initially increased with arc voltage but then decreased. The ANOVA results indicate that the material thickness had 

the maximum effect on MRR, followed by the arc current, whereas the effects of arc voltage, cutting speed, and pierce 

height were relatively insignificant. The optimal condition for maximizing MRR was obtained at 200 A arc current, 149 

V arc voltage, 4500 mm/min cutting speed, 10 mm thickness, and 5.4 mm pierce height. For surface roughness, the greater 

material thickness results in a significantly rougher surface. Ra increases slightly with higher arc current and moderately 

decreases as the cutting speed increases.  

Although pierce height has little effect, Ra tends to increase slightly at higher values of pierce height. Higher arc 

voltages reduce surface roughness. The S/N ratio analysis of Ra indicated that material thickness is the most significant 

factor, followed by arc voltage, cutting speed, and arc current, and the least significant factor is pierce height. The analysis 

of variance for Ra showed that the material thickness had the most significant effect on Ra, followed by arc voltage, cutting 

speed, and arc current, and pierce height had a negligible effect. 130 A arc current, 151 V arc voltage, 4500 mm/min 

cutting speed, 4 mm thickness, and 3.0 mm pierce height were the optimal parameter combinations for reducing Ra. The 

optimum parameters for reduced Ra and increased MRR were successfully determined using the Taguchi and ANOVA 

methods. The optimum parameter settings were used in the confirmation tests, one for MRR and the other for Ra. The 

confirmatory results of tests with an error of a low percentage are indicative of analysis accuracy. The regression models 

created for MRR and Ra are highly accurate in prediction. Further validation of the regression models was done by fifteen 

additional experiments, with prediction errors mostly less than 5%. 

Overall, the current study addresses a critical material of industrial importance, IS 2062 Gr B steel, and highlights the 

potential for process parameter optimisation of PAC operations to enhance the quality (low Ra) and productivity (high 

MRR). The results are directly applicable to the petrochemical, oil and gas, and structural industries that use IS 2062 Gr 

B. For wider applicability, future studies could include other materials and plasma gases for analysis. 
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