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ABSTRACT 

 

 

This project focuses on the simulation of the turning process by using the finite element 

analysis (FEA) processing Deform 3D software based on the Box-Behnken of Response 

Surface Method (RSM) experimental matrix. Based on the Box-Behnken design matrix, 15 

simulation runs were performed with a centre point to analyse the influence of cutting 

parameters on the turning process output responses such as cutting temperature, effective 

stress and material removal rate. The cutting parameters chosen in this turning simulation 

of 7075 stainless steel were cutting speed (100 m/min - 140 m/min), feed rate (0.5 mm/rev 

- 1.5 mm/rev) and depth of cut (0.5 mm - 2.0 mm). Analysis of variance (ANOVA) was 

used to determine the most influential cutting parameters on the results. The Box-Behnken 

response surface method was used to investigate the interactions between the cutting 

parameters on the initial responses and to optimise the setting of the cutting parameters for 

the turning process. From the results, the feed rate is the most influential cutting parameter 

on the cutting temperature. Meanwhile, the depth of cut is the most important cutting 

parameter for the effective stress. For the metal removal rate, the cutting speed is the most 

influential cutting parameter. Furthermore, the interaction between cutting speed and feed 

rate is the predominant interaction that has a significant effect on the cutting temperature, 

which shows that the downward saddle shape. Meanwhile, the relationship between cutting 

speed and depth of cut is the main relationship that has the greatest influence on the 

effective stress, when shows the upward saddle shape. The interaction between cutting 

speed and feed rate, which shows that the upward saddle shape. Additionally, the cutting 

temperature yields a minimum value of 926°C. Furthermore, the minimum value of 577.5 

MPa is provided by the effective stress. The maximum value for the material removal rate 

is 2.45 m3/s. Overall, this project was effective in achieving all of its objectives. As a 

result, the defect of the wear on the cutting tool can be minimised by a decrease in both the 

cutting temperature and effective stress with an increase in material removal rate. 
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PENGOPTIMALKAN PARAMETER PROSES MEMILIH KELULI TAHAN 

KARAT MENGGUNAKAN KAEDAH BOX-BEHNKEN 

 

 

ABSTRAK 

 

 

 
Projek ini memfokuskan kepada simulasi proses pemusingan dengan menggunakan 

perisian analisis elemen terhingga (FEA) Deform 3D berdasarkan matriks eksperimen 

Box-Behnken of Response Surface Method (RSM). Berdasarkan matriks reka bentuk Box-

Behnken, 15 larian simulasi telah dilakukan dengan titik tengah untuk menganalisis 

pengaruh parameter pemotongan terhadap tindak balas keluaran proses pusingan seperti 

suhu pemotongan, tegasan berkesan dan kadar penyingkiran bahan. Parameter 

pemotongan yang dipilih dalam simulasi pusingan keluli tahan karat ini ialah kelajuan 

pemotongan (100 m/min - 140 m/min), kadar suapan (0.5 mm/putaran - 1.5 mm/pulangan) 

dan kedalaman potong (0.5 mm - 2.0 mm). ). Analisis varians (ANOVA) digunakan untuk 

menentukan parameter pemotongan yang paling berpengaruh pada keputusan. Kaedah 

permukaan tindak balas Box-Behnken digunakan untuk menyiasat interaksi antara 

parameter pemotongan pada tindak balas awal dan untuk mengoptimumkan penetapan 

parameter pemotongan untuk proses membelok. Daripada keputusan, kadar suapan 

adalah parameter pemotongan yang paling berpengaruh pada suhu pemotongan. 

Sementara itu, kedalaman potongan adalah parameter pemotongan yang paling penting 

untuk tegasan berkesan. Untuk kadar penyingkiran logam, kelajuan pemotongan adalah 

parameter pemotongan yang paling berpengaruh. Tambahan pula, interaksi antara 

kelajuan pemotongan dan kadar suapan adalah interaksi utama yang mempunyai kesan 

yang signifikan terhadap suhu pemotongan, yang menunjukkan bahawa bentuk pelana ke 

bawah. Sementara itu, hubungan antara kelajuan pemotongan dan kedalaman potong 

adalah hubungan utama yang mempunyai pengaruh paling besar terhadap tegasan 

berkesan, apabila menunjukkan bentuk pelana ke atas. Interaksi antara kelajuan 

pemotongan dan kadar suapan, yang menunjukkan bahawa bentuk pelana ke atas. Selain 

itu, suhu pemotongan menghasilkan nilai minimum 926°C. Tambahan pula, nilai minimum 

577.5 MPa disediakan oleh tegasan berkesan. Nilai maksimum untuk kadar penyingkiran 

bahan ialah 2.45 m3/s. Secara keseluruhannya, projek ini berkesan dalam mencapai 

semua objektifnya. Akibatnya, kecacatan haus pada alat pemotong boleh diminimumkan 

dengan penurunan dalam kedua-dua suhu pemotongan dan tegasan berkesan dengan 

peningkatan kadar penyingkiran bahan. 
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CHAPTER 1 

 

INTRODUCTION 

 

1.0 Background 

 

 Globally, the manufacturing industry has been experiencing turbulence because of 

increased competition in the market. Large emerging economies propelled themselves into 

the top tier of manufacturing nations, a severe recession stifled demand, and manufacturing 

jobs in established economies plunged. Nevertheless, both the developed and developing 

worlds continue to depend on manufacturing. 

Today, manufacturing encompasses more than just creating goods. The way 

businesses work has undergone a significant transformation because of changes in 

consumer demand, product design, the industrial economy, and supply chain economics. 

Since this distinction between the manufacturer and the user is becoming more indistinct, 

customers are seeking personalization and customization. 

Different industry sectors have shown interest in the hard-turning method for hard 

material finishing activities. The study of parameter optimization in turning operations in 

regard to a choice of circumstances for diverse materials by using different methodologies 

and explored by a range of researchers.  

The use of statistical methods is another option for obtaining the optimum machining 

process parameters analysis. The Response Surface Method Box Behnken Design is one of 

them (BBD). The Response Surface Method is a collection of statistical and mathematical 

tools that are particularly beneficial for modelling applications where the goal is to 
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maximize some variables' and responses' the output response. The Box Behnken Method is 

a set of experimental designs usable for factors from 3 to 12 and 16 respectively, of two-

level factorial and incomplete box design. In BBD, it is possible to mix several repetitions 

against all factor levels. 

Based on research that has been done, some findings can be concluded that Response 

Surface Method Box Behnken Design can be used to optimize parameters by using three 

variables. So, in this research Box Behnken Design is used to determine the optimum 

parameters on stainless steel rotary turning process. The aim of this study is to focus on 

cutting parameters (cutting speed, feed, and depth of cut) and how they affect the output 

response. 

 

1.1 Statement of the Purpose 

 

The purpose of the research is to investigate the optimum parameters for stainless-

steel material in terms of the velocity, stress, temperature, and material removal rate by 

comparing the output in Deform 3D and output from previous research. 

 

1.2 Problem Statement 

 

Nowadays, DEFORM 3D software is hardly ever used. There is a lack of data 

regarding the characteristics of stainless steel available from industrial studies. Over the 

past few decades, simulation involving computer software has been adopted to improve the 

product's quality and production. In this study, the development of a simulation model of 

the turning machining process was the best way to handle the issue. The DEFORM 3D 

software is used to pinpoint important elements.  
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Furthermore, minimizing cutting parameter inaccuracy during the 

turning machining process is another consideration. One of the most crucial features for 

assessing the product's quality is the cutting parameters. The best cutting tools may be 

prepared for production with the use of Response Surface Methodology (RSM). Umar 

(2015) states that RSM has seen widespread use in model updating because of its 

simplicity and ability to do quick optimization according to smooth gradients, which 

minimizes the convergence issue. For better damage localization, RSM presented a 

damage detection method. 

 

1.3 Objectives of Study 

 

 To perform this project smoothly, several objectives are aimed to achieve its goals. 

The objectives of this study are as follows: 

a) To study the previous parameters of stainless-steel for implementing in Finite 

Element Analysis (FEA). 

b) To simulate the turning machining analysis of stainless-steel using Box-

Behnken’s Response Surface Method (RSM). 

c) To validate the previous cutting parameters with the new output found by FEA. 

 

1.4 Scope of Study 

 

 The scope of this research is to study the cutting parameters of stainless steel and 

how it affects the output response which includes velocity, stress, temperature, and rate of 

material removal (MRR) to fully optimize in turning machining process. As a result, 

analytical methods have been utilized to simulate turning machining analysis. Later, the 

turning machining data are analyzed using Box Behnken’s Response Surface Method 

(RSM) to provide higher order response surfaces for stainless steel material of turning 
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process with fewer required runs than a typical factorial technique. In addition, this turning 

machining simulation process is to show the validation of cutting parameters and simulate 

turning machining analysis for stainless steel. 

1.5 Significance of Study 

 

 The significant are detailed as follows: 

1. Provide machining process industry with better solutions to provide higher 

order response surfaces. 

2. To generate scientific information and deep understanding on the use of 

Response Surface Method (RSM) methodology. Useful findings of the 

turning machining analysis can be gathered later. 

3. To gain new knowledge behind the simulation research by utilizing Deform 

3D and Minitab software and lift machining process industry to higher 

level. 

4. To develop an increasing machine utilization and decrease production cost 

in simulation analysis manufacturing environment. 

 

1.6 Project Report Structure 

 

 Chapter 1 describes the research background, the problem, the objectives, the scope 

of the research and the general project structure. This chapter describes the importance of 

simulation using the software DEFORM 3D, which will facilitate the researcher's work. 

This chapter facilitates the researcher's work in machining stainless steel using the turning 

process. Chapter 2, Literature Review, contains previous studies on Deform 3D software, 

FEA, turning machining process, properties of stainless steel and standard cutting 

parameters for stainless steel. Chapter 3, Methodology, details the simulation process using 
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the Deform 3D software. The Box-Behnken-Diagram (BBD) was used to design the 

experimental matrix.  The result and discussion chapter of Chapter 4 provides into further 

detail regarding the results of utilising the DEFORM 3D and Minitab software. The end 

result consists of mathematical models, significant values for each output response, and 

single- and multi-response optimisation. Finally, in Chapter 5, there are sections under 

"Conclusions and Recommendations" that summarise the general objectives of the project 

and provide recommendations for future study approaches. 
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CHAPTER 2 

 

LITERATURE REVIEW 

 

 The theory and research that have been defined and conducted by numerous 

researchers over the years are mainly described in this chapter. Based on their research 

into the turning machining process, DEFORM 3D Software, response surface method, 

tools, mechanical, and other physical properties, related information from previous 

studies is extracted as references and discussion. 

 

2.1 Turning Machining Process 

 

The purpose of the research is to investigate the effect of fiber treatment on the 

mechanical properties such as tensile, flexural and impact properties and water absorption 

of kenaf/polyester composite. The turning process is widely used in workshop practice for 

applications carried out in conventional machine tools, as well as in NC and CNC 

machine tools, machining centers and related manufacturing systems. 

Using a lathe, turning is generally used to create conical and cylindrical pieces. A 

lathe can be used to produce flat faces, curved surfaces, grinding, and boring with the help 

of typical components. Therefore, through optimization research, it is beneficial to extend 

tool life, enhance surface accuracy, decrease primary cutting force, feed force, and 

machining zone temperatures (chip-tool interface temperature) in turning operations. 

Cutting fluids are frequently utilized in the machining process to minimize wear and 

friction and enhance tool life and surface quality. 
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These are additionally utilized to minimize cutting forces and energy usage, cool 

and lubricate the machining zone, wash away the chips, and shield the machined surfaces 

from corrosion caused by the environment. Machinability is characterized by low cutting 

forces, high material removal rates, good surface finishes, precise and consistent 

geometrical properties of the work piece, low tool wear rates, and good curl or chip 

breakage of chips, among other qualities. 

Investigations into machinability make extensive use of statistical design of trials. 

The term "statistical design of experiment" describes the methodical planning of an 

experiment to ensure that accurate data can be acquired for all plausible parameter 

combinations and can be examined statistically to produce reliable and impartial findings 

(Montgomery, 2005), large data sets are chosen for a small number of experiments using 

statistical design. 

 

2.2 Turning Machining Parameters 

 

The selection of machining parameters is in the first step based on the parameters 

suggested by the suppliers of cutting tools. In the initial phase, the parameters 

recommended by cutting tool providers are used to select the machining settings. Research 

should also be used to discover the best settings for cutting difficult-to-cut materials. The 

cost of machining is the main criterion for optimization. The main machine time and tool 

life are the two key factors to consider when machining materials that are challenging to 

cut. 

Turning produces accurate diameters and depths by rotating the workpiece (a piece 

of relatively stiff material, such as wood, metal, plastic, or stone) while a cutting tool is 

moved along one, two, or three axes of motion. To generate tubular components with 

different geometries, turning, also known as boring, can be done on the inside or outside of 
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the cylinder. Early lathes could even make complicated geometric shapes, including 

platonic solids, though this is now relatively uncommon. Since the introduction of CNC, it 

has become uncommon to employ non-computerized toolpath control for this purpose. 

 

2.2.1 Cutting Speed 

 

 The differential in speed between the cutting tool and the surface of the workpiece 

it is using to cut is termed as cutting speed. It is measured in feet per minute, which is the 

typical unit of distance over the workpiece's surface per unit of time (Gosselin et al., 2016). 

Cutting speed affects surface finish and quality. Cutting speed improves cutting tools in 

maximizing the machining process without causing damage to the tool, workpiece, or 

machine. Since the cutting speed is specified in revolutions per minute (RPM), it can be 

calculated as follows: 

       (1) 

 

2.2.2 Feed Rate 

 

 The cutter is advanced against the workpiece at a certain speed, or feed rate. For 

turning, it is measured in units of time per unit of distance, considering the cutter's number 

of teeth. The higher feed rates are permitted the more cutting blades there are. A cutting 

edge must remove enough material to cut effectively rather than rub. The feed rate is 

influenced by the type of tool, the required surface finish, the power at the spindle, the 

rigidity of the machine and tooling setup, the workpiece's strength, and the cut width. 

        (2) 
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According to Smid (2003), the formula can be used to figure out the feed rate where, 

IPM  = Feed rate in inches per minute 

     F = Feed per tooth 

    N = Number of teeth in the cutter being used 

RPM = Revolutions per minute of the cutter 

 

2.2.3 Depth of Cut 

 

 Depending on the machining process, the depth of cut needs to be set accordingly. 

The measurement of the width and depth of the cut made by the tool into the workpiece is 

called the depth of cut. The rough cut should have a deep depth. Feed as heavily as the 

work and equipment will allow; helical cutters with fewer teeth may be used. Finishing 

cuts need to be light and fed more finely. Instead of accelerating the cutter, feed should be 

decreased. 

 

2.3 Cutting Tool 

 

 The most popular high-speed machining tool material created by powder 

metallurgy is tungsten carbide, which is made up of hard carbide particles and a softer 

metal bond composition. The hardness of tungsten carbide is quite great, and it hardly ever 

decreases as the operating temperature rises. Three times more difficult than steel is 

tungsten carbide. Steel can be cut cleanly by tungsten carbide. Given that tungsten carbide 

is one of the most widely used materials for cutting tools in industry, Altan et al. (2015) 

stated that the lifespan of tungsten carbide inserts has a significant impact on the 

productivity of machining processes and tooling costs. The high heat and forces produced 

during typical cutting operations should not harm this cutting tool. 
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 The final product's mechanical characteristics are largely determined by the size of 

the carbide grains. The amount of time and temperature spent extracting the combination 

of oxides and carbons will determine the size of the grains as well as the size of the 

tungsten oxide particles. The size of tungsten carbide particles is only slightly larger than 

that of sand. They could be as thin as 10 microns or as thick as half a micron. A group of 

sieves separates grains of different sizes, including those smaller than one micron, one and 

a half microns, and so on. The tungsten carbide is then prepared for grinding into "grade 

powder." In the tungsten carbide industry, grades are used instead of alloys, however the 

terms are interchangeable. To improve the characteristics of the metal during the cutting 

process, additives like tantalum carbide, titanium carbide, and niobium carbide are used as 

"glue" to hold the material together. Without these additives, the tungsten carbide could 

undergo a chemical reaction with the workpiece pieces, causing craters in the tool, 

especially at high cutting speeds. 

 

Figure 2.1: Cross-section SEM image of carbide cutting insert’s surface (Goel et al., 2020) 
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2.4 Workpiece Material 

2.4.1 Stainless Steel 

 

 According to Elfasi (2018), because of their high strength, high ductility, high 

hardening average work, low heat conductivity, and abrasive nature, stainless steel alloys 

yield high chromium proportions and are challenging to process. With a composition of 

more than 12%, chromium (Cr) is the main alloy component. The main component of 

stainless steel is chromium. It develops an oxide layer on the surface, shaping it. In 

accordance with the increased chromium concentration, it is metal corrosion and oxidation 

resistance. Molybdenum has the same effect on a structure as chromium and often boosts 

durability and corrosion resistance. They are alloyed steels that are also of the acid-

resistant variety.  

Stainless steel has good chemical stability, especially in situations with high 

corrosion rates. Although it has been put to practical use in some areas of high corrosion 

and high reliability criteria of the construction project, stainless steel has received a 

relatively major assessment abroad, particularly in the United States, the United Kingdom, 

and other stainless steel. Gu and Meng (2016) state that in extremely corrosive 

environments, stainless steel with exceptional corrosion resistance may solve typical 

problems of carbon steel corrosion, and the dependability and protection of structures have 

unique criteria that have enough space for advancement. 

Slower forming speeds allow for more severe deformation in stainless steel due to 

the material's work hardening rates. The most crucial consideration when constructing a 

product out of stainless steel is to guarantee that the machining process preserves and does 

not compromise the material's inherent qualities. Tooling and the work surface need to be 

well cleaned before being used when machining stainless steel. All stainless steel should 

only be machined using equipment made specifically for those materials. Stainless steel is 
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frequently used in industrial applications because of its high levels of corrosion resistance, 

heat resistance, and ductility, according to Ishfaq et al. (2019). Most of its planned uses 

demand the creation of complicated profiles. 

 

 

Figure 2.2: Stainless Steel (Gu and Meng, 2016) 

 

2.4.2 Austenitic Stainless Steel 

 

 According to Elfasi (2018), this is one of the common varieties of stainless steel. 

Austenitic stainless steel tends to have a higher chromium concentration than other steel 

alloys, which increases its corrosion resistance. Another characteristic of austenitic steel 

alloys is their apparent non-magnetic nature, even though they can become magnetic after 

cold work. 

 

Figure 2.3: Microstructure of austenitic stainless steel (Elfasi, 2018) 
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2.4.3 Ferritic Stainless Steel 

 

 Ferritic Stainless Steel is the second-most popular alloy in the group of stainless 

steels. As the name implies, ferritic stainless steels are magnetic. By dealing with these 

alloys in a cold environment, they can be hardened. Due to their lower nickel content, they 

frequently cost less as well. 

 

Figure 2.4: Microstructure of ferritic stainless steel (Elfasi, 2018) 

The least utilized group of stainless-steel alloys. Despite having a higher hardness 

than ferritic or austenitic alloys, martensitic stainless steel appears to have a weaker 

resistance to corrosion. Martensitic stainless-steel alloys are frequently appropriate for uses 

that call for particularly high tensile strength and impact resistance. If the applications 

additionally call for corrosion resistance, these alloys can be utilized in combination with a 

protective polymer coating. 

 

Figure 2.5: Microstructure of martensitic stainless steel (Elfasi, 2018) 
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2.4.4 Previous Studies 

 

Table 2.1: Cutting parameters from previous researchers. 

Authors Stainless Steels 

Cutting Parameters 

Cutting Speed/ 

Spindle Speed 

Feed Rate Depth of Cut 

Koyee et al. Super Duplex 

EN1.4410 

100 m/min 0.1 – 0.4 

mm/rev 

0.5 – 3.5 mm 

Korkut et al. AISI 304 

Austenitic 

stainless steel 

120 – 180 

m/min 

0.24 mm/rev 2.5 mm 

Khleif and 

Abdullah 

Stainless steel 

316L 

20 – 62 m/min 0.5 mm/rev 2.25 mm 

Hossein and 

Yahya 

AISI 304 

stainless steel 

150 – 260 

m/min 

0.025 – 0.100 

mm/rev 

2 mm 

Kumbhar et al. AISI 304 

stainless steel 

60 – 90 m/min 0.15 – 0.25 

mm/rev 

0.50 – 1.50 mm 

Wika et al. AISI 304L 

stainless steel 

215 – 255 

m/min 

0.50 – 1.20 

mm/rev 

1.0 mm 

Yasir et al. AISI 316L 

stainless steel 

80 – 120 m/min 0.1 – 0.14 

mm/rev 

1.0 mm 

Selaimia et al. Austenitic 

stainless steel 

111 – 222 

m/min 

0.008 – 0.24 

mm/rev 

0.3 – 0.9 mm 

Nalbant and 

Yildiz 

AISI 304 

stainless steel 

80 – 200 m/min 0.05 mm/rev 0.5 mm 
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Holkar and 

Sadaiah 

AISI 321 

stainless steel 

80 – 120 m/min 0.1 – 0.5 

mm/rev 

0.5 mm 

 

2.5 Machining Responses 

 

 The workpiece's temperature resistance, fatigue strength, and corrosion resistance 

can all be improved with a high-quality milling machining process. The output reaction of 

the milling machining process, including the cutting temperature, effective stress, cutting 

velocity, and material removal rate, is known as the machining response. Machining 

response is the process of structuring a project such that the right data can be used for 

statistical analysis, leading to a reliable and impartial conclusion. 

 

2.5.1 Cutting Temperature 

 

 The area where the cutting tool and the workpiece come into contact while cutting 

metal reaches high temperatures. Temperature affects surface integrity of the workpiece, 

including residual stress, hardness, and surface roughness, in addition to the rate of cutting 

tool wear. One of the most important factors in the analysis of the cutting process is the 

cutting temperature. 

 

2.5.2 Effective Stress 

 

Effective stress is a force that maintains the rigidity of a group of particles. In its 

most basic form, the effective stress principle can be expressed as being equal to the total 

stress less the pore pressure for a saturated metal. Certain features of the behavior of the 

metal, such as its strength or deformation, are controlled by the effective stress. 
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2.5.3 Cutting Velocity 

 

 Cutting velocity is a measure of the rotational speed of a spinning cutting tool or 

workpiece. Whether the workpiece or the cutting tool is rotating or not, cutting velocity is 

a component of all conventional machining operations. Cutting velocity is beneficial for 

several analyses, including the evaluation of cutting force, temperature, vibration, 

machinability, and machining efficiency. 

 

2.5.4 Material Removal Rate (MRR) 

 

 The amount of material removed from a part in a specific amount of time is 

measured by a process called material removal rate, or MRR. This must be maximized in 

difficult operations and large batch production. Using the right machining methods will 

increase MRR, cut down on cycle times, increase tool life, and increase experimental 

output. Enhancing productivity is essential for long-term success and is carried out in every 

experiment. 

The MRR stands for material removal rate. The MRR increases as the cutting 

parameters increase. MRR is also equivalent to the volume of residue created per unit of 

time during a cutting operation as a direct result of the removal from the workpiece. MRR 

can be determined as follows in a work process: 

        (3) 

where, 

MRR = Material Removal Rate 

W = Width of cut 

D = Depth of cut 

F = Feed rate 
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2.6 Finite Element Analysis (FEA) 

 

FEA is a numerical method for approximating the values of the cutting parameter, 

and it may be superior to other methods for determining the relative strength of various 

objects. The experimental work can be performed using FEA without exerting any physical 

effort. According to Vyavahare et al. (2018), by employing FEA, we may see the physical 

phenomenon as the actual system is being stimulated by mathematical or physical models. 

FEA is also used to guide the tool design and parameter optimization, to optimize the 

cutting process parameters, and to forecast surface defects in material processing. FEA has 

been extensively employed in cutting analysis, according to Xiang (2020), and other 

scholars have conducted in-depth research. 

The key to simulation performance as well as the foundation for the precise and 

consistent impacts of complicated physical simulation in turning machining process is the 

design of an appropriate FEA for metal turning. According to Yang and Zheng (2017), the 

turning temperature created in the stable turning area likewise rises as the material 

hardness does. 

 

Figure 2.6: FEA for hardened steel with different degree of curviness  

(Guoliang Liu, 2019) 

A mesh is first produced, which contains millions of tiny elements that make up the 

overall shape, in order to run a FEA simulation. This will turn the three-dimensional object 

into a series of interpretable mathematical points. Depending on how complicated or 
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simple a simulation is required, the density of this mesh can be changed. To determine the 

structure's overall end output, calculations are performed for each individual mesh element 

or point. FEA indicates that some interpolation is required between the points rather than 

the full physical item. Usually, these estimates fall within the parameters of what is 

required. Nodal points are those parts of the mesh where the data can be mathematically 

determined, and they frequently cluster around boundaries or other regions of change in an 

object's design. 

 

Figure 2.7: Machining simulation of FEA (Tugrul Ozel, 2006) 

2.6.1 Deform 3D 

 

A comprehensive process simulation system called DEFORM 3D is intended to 

evaluate the three-dimensional (3D) flow of challenging industrial processes. A useful and 

effective tool for predicting the material flow in large-deformation processes without the 

expense and wait time of experimental trials is DEFORM 3D. The redesign of tools and 

procedures is possible with this cutting-edge instrument. To cut production and material 

costs and shorten the time it takes to introduce a new product to the market, improve the 

tool and die design. Deformation modelling is the focus of DEFORM 3D. According to 

Vishwakarma and Sharma (2019), DEFORM 3D's user-friendly graphical user interface 

makes it simple to prepare and analyze data, allowing engineers to concentrate on forming 

rather than learning a computer system. 



19 

 

 

Figure 2.8: Tool Setup (Vishwakarma and Sharma, 2019) 

 

Figure 2.9: Tool Meshing (Vishwakarma and Sharma, 2019) 

Modeling, configuring workpiece and tool properties, simulation control settings, 

simulation run, and analysis are the main components of simulations that use the 

DEFORM-3D application. According to Wang et al. (2017), appropriate meshing can 

guarantee the simulation's accuracy and shorten the time it takes to execute. In the 

simulated turning process, only the front half of the workpiece is cut and deformed. 

 

Figure 2.10: Workpiece meshing (Wang et al., 2017) 
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2.7 Response Surface Methodology (RSM) 

 

The response surface methodology (RSM) was chosen for the current work because 

it is frequently utilized in mechanics, especially in the field of material cutting 

(machining). The necessity to establish a relationship between the input and output 

parameters used in any experiment or process led to the development of this method, 

which is an empirical modelling approach. The fundamental objective is to investigate and 

quantify how the input variables affect the replies and subsequently optimize these 

responses. 

According to Chabbi A et al. (2017), This method also has the benefit of being 

simple to use even when there is little information on current processes accessible, and the 

models are simple to analyze even when dealing with non-linear issues. Additionally, it 

maintains an accurate level of answer forecasts. RSM is frequently used for problem 

formulation and process optimization. RSM was created to forecast cutting force, surface 

roughness, and tool wear, claim Kilickap et al. (2017). There are six steps in the RSM 

process: 

i. Define the independent input variables and the desired output responses. 

ii. Adopt an experimental design plan. 

iii. Perform regression analysis with the quadratic model of RSM. 

iv. Calculate the statistical analysis of variance (ANOVA) for the independent 

input variables to find the parameters which significantly affect the 

response. 

v. Determine the situation of the quadratic model of RSM and decide whether 

the model of RSM needs screening variables or not. 

vi. Optimize and conduct confirmation experiments and verify the predicted 

performance characteristics. 
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2.8 Central Composite Design (CCD) 

 

 The Central Composite Design (CCD) method was utilized to maximize stability 

by optimizing variable interactions. CCD is helpful in RSM because it allows you to 

construct a second order (quadratic) model for the response variable without using a full 

three-level factorial experiment. Results are obtained using linear regression, sometimes 

iteratively, after the experiment is performed. When creating this design, coded variables 

are frequently employed. Therefore, CCD is a blend of both statistical and mathematical 

methods utilized in experiment design, according to Khidihir and Hamadi (2018). 

If the range of the response variables is fully unknown, the design of CCD must 

have an orthogonal property and be adjustable to be better than not utilizing it. 

Alternatively put, the range of response variables that, if all points are at equal distances 

from the design's center, are supposed to be the same for all points. The rotatability in the 

factorial component of the CCD must be maintained to calculate the, and the value of 

depends on the number of experimental runs: 

      (4) 

If the factorial is a full factorial, then 

         (5) 

where,  

K = Number of independent variables 
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Figure 2.11: Central Composite Design in a box (Said et al., 2017) 

 

2.8.1 Box-Behnken Designs (BBD) 

 

 The Box-Behnken Design (BBD), which contains an embedded factorial or 

fractional factorial design, is an independent quadratic design. BBD can produce higher 

order RSM with less runtime than a typical factorial method. To keep the higher order 

surface definition, CCD essentially eliminates some runs (Karmoker et al., 2019).  

Each factor or dependent variable is assigned one to three equally spaced values, 

typically coded as -1, 0 and +1, with at least three levels required to achieve the next 

objective. A quadratic model should be fit by BBD's design, which includes squared terms, 

two-factor products, linear terms, and an intercept. There should be an acceptable ratio 

between the number of experimental points and the number of coefficients in the quadratic 

model. The estimation variance shouldn't change too much inside the smallest cube 

containing the experimental points and should largely depend primarily on the distance 

from the centre. 
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BBD provided three stage plans for fitting reaction surfaces, according to Aziz et 

al. (2018). By combining 2k factorials with inadequate block outlines, these plans are 

created. The BBD configuration has a circular shape, with all its focal points located on a 

sphere of radius 2. Additionally, there is no point at the vertices of the cubic region formed 

by the upper and lower bounds for each factor in the design. 

 

Figure 2.12: Three factor BBD (Aziz et al., 2018) 

2.9 Analysis of ANOVA 

 

According to (Camposeco, 2013), ANOVA is a group of statistical models that is 

used to examine the variations in group means in a sample. It has been used to find 

evidence of cutting parameters' considerable effects on output performance parameters. 

Random variables, however, have no statistical impact. The analysts utilize ANOVA to 

assess the impact of independent factors on the dependent variable in a regression analysis.  

The optimal cutting blending was determined by looking for the best surface 

unpleasantness and sign to-commotion degree, which required ANOVA analyses to 

separate the significant variables impacting surface unpleasantness. ANOVA is a statistical 

method for determining how much two or more groups of data differ or are similar. 

ANOVA concentrated on the association between the typical segment's normal estimation. 

ANOVA is a straightforward method with numerous mathematical components. A 
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statistical model called "analysis of variance" is used to find any deviations from how a 

collection of objects is supposed to perform under test. 

To determine how the values of two categorical factors affect the mean of a 

quantitative variable, a two-way ANOVA is utilized. When a researcher wished to 

understand how two independent factors interacted with one another to affect a dependent 

variable, they performed a two-way ANOVA. 

        (6) 

where, 

SST = squared deviations 

P = number of experiments in the orthogonal array 

Yj = mean grey relational grade for the jth experiment 

 

Figure 2.13: Results of ANOVA (Maiyar et al., 2013) 

2.10 Summary 

  

ANOVA, DEFORM 3D, Box-Behnken Design, and the central composite design 

are discussed in Chapter 2's literature study of the turning machining process. Other topics 

covered include machining reaction, cutting tools, stainless steels as the material, and finite 

element analysis (CCD). This strategy entails analyzing the project's methodology. 

Investigating each aspect and its influence on the quality features is also important.
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CHAPTER 3 

 

METHODOLOGY 

 

 

This chapter outlines the suggested method for this study, which includes the 

fundamental procedures to be used to perform the research. After carefully reviewing 

the requirements and specifics of earlier research, the selection of material, designing, 

processing, and testing will be presented as well. The basic principle of methodology is 

outlining the appropriate approaches, tools, and strategies to carry out this research. 

3.1 Overview 

 

The purpose of preparing the methodology is to ensure that the cutting parameters 

and output response are in accordance with the planning and expectations. The procedures 

are set up according to the scope of the research to achieve the set goal. In addition, the 

RSM is used as a benchmark for all procedures, which include standard tools and 

techniques. In addition, the settings of the procedures are also based on previous research. 

The flowchart shown in Figure 3.1 describes the overall process to achieve the result. 

3.2 Flowchart of Master Project 1 

 

In this research, the process flow diagram below is used as a guide for the whole 

project. RSM is used for more rigorous experiments to determine the perfect cutting 

parameters. RSM is used to achieve the outcome of the project. As for the statistical 

software, MINITAB is used for analyzing the collected data and predicting the parameters 

through the best fit system. 
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Figure 3.1: Planning flowchart for Master Project 1 
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3.3 Flowchart of Master Project 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2: Planning flowchart for Master Project 2 
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3.4 Flowchart of Cutting Parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.3: Planning Flowchart for Cutting Parameters 
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3.5 Flowchart of Simulation Run 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: Planning Flowchart for Simulation run 
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3.6 Identify Project Title 

 

 This project title was chosen for comparative purposes to observe any significances 

between previous studies through the use of FEA. For this research, RSM is used as the 

primary method for the design experiment to find the highest possible initial response of 

stainless steel based on the cutting parameters of the milling operation. The cutting 

parameters include cutting speed, feed rate and depth of cut. 

 

3.6.1 Literature Review 

 

 The preceding study and review were conducted solely on the basis of the title for 

this research project. The main sources for this project report are from journals, research 

articles and websites. All sources refer to all parameters used for this project. 

 

3.6.2 Problem Statements, Objectives and Scopes of Research 

 

 The problems found in this project are the errors of the editing parameters during 

the turning process. This causes the project to give an incorrect result. As a result, there are 

problems with the cutting parameters and the mechanical properties of the stainless steel. 

The objectives of the project are to determine the most important cutting parameters such 

as feed rate, cutting speed and depth of cut. Then, the interaction between the cutting 

parameters on the result will be investigated and an optimal set of cutting parameters for 

the turning process will be determined. The objectives of this research are to identify the 

use and advantages of DEFORM 3D in the turning process, to observe the properties of 

stainless steel, to investigate the use of lathes with optimal cutting parameters and finally 

to analyse the effect of carbide inserts in the turning process. 
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3.7 Parameters Identified 

 

 The parameters must be set before proceeding to the next stage of the process. In 

the case of the cutting parameters for turning, the feed rate, cutting speed and depth of cut 

are set as parameters.  

Table 3.1: Cutting Parameters 

Designation Parameters Level 1 Level 2 Unit 

A Cutting Speed (v) 100 140 rpm 

B Feed Rate (f) 0.5 1.5 mm/min 

C Depth of cut (d) 0.5 2.0 mm 

 

3.7.1 Design of Experiment using MINITAB 

 

The software tools used in MINITAB. This software is suitable for statistical 

analysis and generates data with predefined parameters. The following data will come out 

with the most ideal parameters among all the experimental runs. 

 

 

Figure 3.5: Run MINITAB and navigate to RSM 
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Figure 3.6: Design the matrix 1 

 

 

Figure 3.7: Insert the cutting parameters 
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Figure 3.8: RSM matrix generated by MINITAB software 

 

3.8 Simulation Run Design 

 

 The BBD of the RSM was used in this study as a statistical tool for designing the 

simulation runs. The simulation runs were based on the cutting parameters, which are, the  

 cutting speed, depth of cut and feed rate. The results of these tests are the effective stress, 

cutting temperature, cutting speed and material removal rate. 

 

Table 3.2: Number of simulations run (15 runs) 

Number 

of runs 

Cutting 

speed 

(mm/min) 

Feed 

rate 

(rpm) 

Depth of 

cut  

(mm) 

Cutting 

temperature 

(°C) 

Cutting 

velocity 

(m/s) 

Effective 

stress 

(MPa) 

Material 

Removal 

Rate 

(m³/min) 

1 100 0.5 1.25     

2 140 0.5 1.25     
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3 100 1.5 1.25     

4 140 1.5 1.25     

5 100 1.0 0.50     

6 140 1.0 0.50     

7 100 1.0 2.00     

8 140 1.0 2.00     

9 120 0.5 0.50     

10 120 1.5 0.50     

11 120 0.5 2.00     

12 120 1.5 2.00     

13 120 1.0 1.25     

14 120 1.0 1.25     

15 120 1.0 1.25     

 

 

Figure 3.9: Problem setup by selecting Deform 2D/3D preporcessor and Rename 
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3.10: Workpiece setup 

 

 

Figure 3.11: Selecting the type of material of the workpiece 
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Figure 3.12: Cutting parameters setup 
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CHAPTER 4 

 

RESULT AND DISCUSSION 

 

In this chapter, the data obtained from the DEFORM 3D turning simulation was 

evaluated using Minitab software. The cutting parameters used for the turning simulation 

are cutting speed, feed rate and depth of cut. The FEA machining response of the turning 

simulation are cutting temperature, effective stress and material removal rate (MRR). The 

Response Surface Method (RSM) was used to examine the data to determine the 

correlation between the cutting parameters and the FEA machining response. 

 

4.1 Simulation result for cutting temperature 

 

The simulation result for the cutting temperature, which is considered as the initial 

response of the cutting parameters such as cutting speed, feed rate and depth of cut, is 

shown in Table 4.1. The result shows that run 6 has a minimum cutting temperature value 

of 926°C, while run 8 has the maximum cutting temperature value of 2060°C. Figure 4.1 

shows (a) the appearance of run 1 without cutting tool and (b) the appearance of run 1 with 

cutting tool for the minimum value of cutting temperature.  
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Table 4.1: Simulation result for cutting parameters 

Number 

of runs 

Cutting 

speed 

(mm/min) 

Feed 

rate 

(rpm) 

Depth of 

cut  

(mm) 

Cutting 

temperature 

(°C) 

Cutting 

velocity 

(m/s) 

Effective 

stress 

(MPa) 

Material 

Removal 

Rate 

(m³/min) 

1 100 0.5 1.25 1160 1990 2410 0.074625 

2 140 0.5 1.25 1340 63300 2640 2.37375 

3 100 1.5 1.25 1490 2260 3890 0.25425 

4 140 1.5 1.25 1930 21800 6620 2.4525 

5 100 1.0 0.50 940 5400 1670 0.162 

6 140 1.0 0.50 926 3400 1300 0.102 

7 100 1.0 2.00 1750 6210 6680 0.7452 

8 140 1.0 2.00 2060 3120 7350 0.3744 

9 120 0.5 0.50 1000 2850 1570 0.04275 

10 120 1.5 0.50 970 15600 1630 0.702 

11 120 0.5 2.00 1430 17100 3730 1.026 

12 120 1.5 2.00 1930 2430 4480 0.4374 

13 120 1.0 1.25 1660 3380 3850 0.2535 

14 120 1.0 1.25 1660 3380 3850 0.2535 

15 120 1.0 1.25 1660 3380 3850 0.2535 
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   (a)       (b) 

Figure 4.1: (a) Appearance of Run 6 without cutting tool and (b) Appearance of Run 6 with 

cutting tool for the minimum value of cutting temperature. 

4.1.1 Analysis of Variance for Cutting Temperature 

 

Table 4.2 shows the results of the quadratic model's analysis of variance for cutting 

temperature. According to Table 4.2, the "Model P-value" of 0.813 indicates that the model 

is not significant because it was higher than the -value, which was set at 0.05. As a result, 

the results within the 95% confidence interval do not correspond to the model's predictions 

for temperature reduction. 

Table 4.2: Analysis of Variance for cutting temperature 

Source DF Adj SS Adj MS F-Value P-Value  

 

Not 

Significant. 
Model 9 1684555 187173 2.15 0.206 

Linear 3 272799 90933 1.05 0.449 

Cutting Speed 1 11705 11705 0.13 0.729 

Feed Rate 1 257045 257045 2.96 0.146 

Depth of Cut 1 4050 4050 0.05 0.838 

Square 3 1357027 452342 5.20 0.054 

Cutting Speed*Cutting Speed 1 32799 32799 0.38 0.566 

Feed Rate*Feed Rate 1 1282027 1282027 14.74 0.012 

Depth of Cut*Depth of Cut 1 26208 26208 0.30 0.607 

2-Way Interaction 3 54729 18243 0.21 0.886 
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Cutting Speed*Feed Rate 1 49729 49729 0.57 0.484 

Cutting Speed*Depth of Cut 1 2500 2500 0.03 0.872  

Feed Rate*Depth of Cut 1 2500 2500 0.03 0.872  

Error 5 434799 86960    

Total 14 2119354     

 

Figure 4.2 displays the Pareto chart of the standardised impacts of the quadratic 

model for cutting temperature, which is taken into account as the output response of the 

cutting parameters including cutting speed (A), feed rate (B), and depth of cut (C). Since 

all of the model variables, including A, B, C, AA, BB, CC, AB, AC, and BC, are 

incredibly distant from the standardised effects of 2.571, the Pareto chart of the 

standardised effects that supported the model for the cutting temperature is not relevant. 

Therefore, it is important to improve the model for the cutting temperature through the 

process of eliminating irrelevant model terms. 

 

Figure 4.2: Pareto chart of the standardized effects of the reduced quadratic model 

for cutting temperature 
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Insignificant model terms like AA, AC, BC, and CC are removed from the model 

to improve it for cutting temperature. For the ANOVA analysis of the model for the cutting 

temperature, the model terms A, B, C, AA, and AC are used. The ANOVA analysis of the 

simplified quadratic model for cutting temperature is shown in Table 4.3. After 

insignificant model terms were removed, Table 4.3 below shows the "Model P-value" of 

0.017 suggests that the model is nearly significant. After removing the insignificant model 

terms, the "Model P-value" of the model for cutting temperature was dramatically lowered 

from 0.206 to 0.017. 

 

Table 4.3: Analysis of variance of cutting temperature after elimination process 

Source DF Adj SS Adj MS F-Value P-Value  

 
Significant. Model 5 1568430 313686 5.12 0.017 

Linear 3 272799 90933 1.49 0.283 

Cutting Speed 1 11704 11704 0.19 0.672 

Feed Rate 1 257045 257045 4.20 0.071 

Depth of Cut 1 4050 4050 0.07 0.803 

Square 1 1293131 1293131 21.12 0.001 

       Feed Rate*Feed Rate 1 1293131 1293131 21.12 0.001 

2-Way Interaction 1 2500 2500 0.04 0.844 

Feed Rate*Depth of Cut 1 2500 2500 0.04 0.844 

Error 1 550924 61214   

Total 14 2119354    

 

The feed rate had the greatest impact on the FEA machining response to cutting 

temperature, according to the ANOVA analysis of the simplified quadratic model for 

cutting temperature. In which the "P-value" of 0.017 compared to the “P-value” of cutting 

speed and depth of cut of 0.672 and 0.803, and the feed rate has the lowest "P-value" of 

0.071. The cutting temperature is strongly influenced by the feed rate, as indicated by the 
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"P-value" of 0.071. The feed rate is the primary factor that has the most impact on cutting 

temperature.  

 

Figure 4.3: Pareto chart of the standardized effects of the reduced quadratic model 

for cutting temperature after elimination process 

 

Figure 4.4 shows the surface plot of cutting temperature versus cutting speed and 

depth of cut. In a three-dimensional view, the surface plot of cutting temperature shows the 

relationship between cutting speed and depth of cut, which greatly affects cutting 

temperature. The surface plot of cutting temperature shows that when cutting depth and 

cutting speed decrease, the cutting temperature increases. While this is happening, the 

cutting temperature decreases as the cutting speed and depth are increased. 

Cutting temperature and cut depth are closely linked, according to a study by Riza 

and Adesta (2016). The depth of cut decreases as cutting temperature drops. This occurs as 

a result of the larger contact area between the cutting tool and the workpiece that results 

from deeper cuts. Given the research results of Stefenon et al. (2015), the measured cutting 

temperature decreases as cutting speed increases. This is most likely because the chip's 

overall heat loss increases. According to Elsadek et al. (2020), cutting temperature was 
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considerably influenced by cutting speed and feed rate during the turning machining 

process. 

 

Figure 4.4: Surface plot of cutting temperature 

 

The contour plot in Figure 4.5 exhibits the contour plot of cutting temperature 

versus feed rate versus cutting speed in a 2-Dimensional view. The contour plot of cutting 

temperature clearly depicts there is an interaction between the cutting speed and feed rate 

of cutting temperature. The highest cutting temperature denoted by the darkest green shade 

is achieved at the highest value of depth of cut and the lowest value of cutting speed. 

 

 

Figure 4.5: Contour plot of cutting temperature
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4.1.2 Mathematical model for cutting temperature 

 

Using the Minitab software, the simplified quadratic model for cutting 

temperature's mathematical representation was obtained. Equation 4.1 in this mathematical 

model illustrates the mathematical relationship between the cutting temperature and the 

cutting parameters of cutting speed, feed rate, and depth of cut. Equation 4.2 also shows 

the computation as it would be performed using Equation 4.1 for Run 6. Cutting speed, 

feed rate, and depth of cut were all 140 m/min for run 6, 1.0 mm/rev for the feed rate, and 

0.50 mm for the depth of cut. Equation 4.3 also shows the variances between the 

simulation result for run 1 and the computation using Equation 4.1. 

 

Cutting Temperature = -755 - 1.91 Cutting Speed + 5150 Feed Rate + 37 Depth of cut 

     - 2354 Feed Rate*Feed Rate - 67 Feed Rate*Depth of cut        (4.1) 

 

Cutting Temperature = 1758.60                       (4.2) 

 

Differences = ([Cutting Temperature Calculation-Cutting Temperature Simulation])/   (4.3) 

(Cutting Temperature Calculation)  x 100% 

 

 

Table 4.4 shows the percentage differences between the simulation value's 

minimum and maximum and the calculated value, which are 0.40% and 48.77%, 

respectively. These percentage differences were calculated using Equation 4.1 for all 15 

simulation runs. For the output response of cutting temperature, the value predicted using a 

mathematical model is quite close to the data received from the FEA machining 

simulation. This shows that the relationship between the cutting temperature simulation 

values and the mathematical model is accurate. Additionally, there was an average 

inaccuracy of 24.84% between the cutting temperature calculated and simulation results.  
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Table 4.4: Percentage differences between the simulation and calculation of cutting 

temperature 
 

Run 
Cutting Temperature, °C 

(Calculation Value) 

Cutting Temperature, °C 

(Simulation Value) 

Percentage Difference, 

% 

1 1044.88 1160 11.02 

2 968.48 1340 38.36 

3 1403.13 1490 6.19 

4 1326.73 1930 45.47 

5 1835.00 940 48.77 

6 1758.60 926 47.34 

7 1790.00 1750 2.23 

8 1713.60 2060 20.21 

9 1004.05 1000 0.40 

10 1412.55 970 31.33 

11 1009.30 1430 41.68 

12 1317.30 1930 46.51 

13 1774.30 1660 6.44 

14 1774.30 1660 6.44 

15 1774.30 1660 6.44 

 

4.1.3 Optimization parameter for cutting temperature 

 

The Minitab software was used to acquire the cutting temperature optimisation 

parameters, which are thought of as the output response. The cutting temperature 

optimisation parameter is shown in Table 4.5. Table 4.5 demonstrates that the cutting 

speed, feed rate, and depth of cut are the optimisation parameters for the cutting 

temperature, giving a minimum cutting temperature of 834.250°C at 140 m/min, 0.5 

mm/rev, and 2.0 mm of depth of cut. The minimum cutting temperature may be achieved 

by using optimisation parameters for cutting temperature, as shown by the composite 

desirability of 1. Equation 4.4 shows the percentage optimisation for the cutting 
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temperature, which is regarded as the output response. Equation 4.5 is an example of a 

calculation that uses Equation 4.4.  

Table 4.5: Optimization parameters of cutting temperature 

 

Solution 

 
Cutting 

Speed 

 
Feed 

Rate 

 
Depth 

of Cut 

CUTTING 

TEMPERATURE 

Fit 

 
Composite 

Desirability 

1 140 0.5 0.50 965.750 0.96495 

 

 

Figure 4.6: Optimization parameters graph of cutting temperature  

The percentage optimization for cutting temperature 

= 
[Minimum Value – Optimized Value] 

X 100%                                                                          (4.4)
 

Minimum Value 

 

The percentage optimization for cutting temperature 

= 
[926 – 965.750] 

X 100%
 

926 

 

= 4.30 % (4.5) 

  
 

The FEA DEFORM 3D simulation produced the lowest cutting temperature value 

of 926°C, and Minitab programme produced the highest value of cutting temperature, 

965.750°C. Equation 4.4 was used to calculate the percentage optimisation for cutting 

temperature, and the result is 4.30%. With the application of the optimisation parameters 

for cutting temperature, which are the cutting speed of 140 m/min, the feed rate of 0.5 

mm/rev, and the depth of cut of 0.50 mm that were obtained from Minitab software, the 

cutting temperature has optimised by 4.30%. 
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4.2 Simulation result for effective stress 

 

Table 4.6 shows the simulation result for effective stress, which is taken into 

consideration as the output response of the cutting parameters including cutting speed, feed 

rate, and depth of cut. The result of the experiment reveals that Run 6 has the lowest 

effective stress value, which is 1300 MPa, and Run 8 has the highest effective stress value, 

which is 7350 MPa. Figure 4.7 depicts the appearance of Run 1 for the smallest value of 

effective stress (a) without a cutting tool and (b) with a cutting tool.  

 

Table 4.6: Simulation result for effective stress 

 

No 
Cutting speed 

(m/min) 
Feed rate (mm/rev) Depth of cut (mm) Effective stress (Mpa) 

1 100 0.5 1.25 2410 

2 140 0.5 1.25 2640 

3 100 1.5 1.25 3890 

4 140 1.5 1.25 6620 

5 100 1.0 0.50 1670 

6 140 1.0 0.50 1300 

7 100 1.0 2.00 6680 

8 140 1.0 2.00 7350 

9 120 0.5 0.50 1570 

10 120 1.5 0.50 1630 

11 120 0.5 2.00 3730 

12 120 1.5 2.00 4480 

13 120 1.0 1.25 3850 

14 120 1.0 1.25 3850 

15 120 1.0 1.25 3850 
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   (a)      (b) 

 

Figure 4.7: (a) Appearance of Run 1 without cutting tool and (b) Appearance of Run 1 

with cutting tool for the minimum value of effective stress 

 

4.2.1 Analysis of variance for effective stress 

 

Table 4.7 shows the results of the quadratic model's analysis of variance for 

effective stress. Since the "Model P-value" of 0.104 was higher than the -value, which is 

set at 0.05, Table 4.7 demonstrates that the model is not significant. As a result, the data 

within the required 95% confidence interval do not accurately represent stress in the 

model. 

 

Table 4.7: Analysis of variance for effective stress 

Source DF Adj SS Adj MS F-Value P-Value  

 
Not 

Significant. 

Model 9 45178098 5019789 3.24 0.104 

Linear 3 3285625 1095208 0.71 0.588 

Cutting Speed 1 525313 525313 0.34 0.586 

Feed Rate 1 800112 800112 0.52 0.505 

Depth of Cut 1 1960200 1960200 1.26 0.312 

Square 3 9688223 3229408 2.08 0.221 

Cutting Speed*Cutting Speed 1 1307169 1307169 0.84 0.401 

Feed Rate*Feed Rate 1 1536092 1536092 0.99 0.365 
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Depth of Cut*Depth of Cut 1 7897500 7897500 5.09 0.074 

 

2-Way Interaction 3 32204250 10734750 6.92 0.031 

 

Cutting Speed*Feed Rate 1 490000
  

490000 0.32 0.598 

 

Cutting Speed*Depth of Cut 1 29106025 29106025 18.77 0.007 

 

Feed Rate*Depth of Cut 1 2608225 2608225 1.68 0.251 

 

Error 5 7754475 1550895   

 

Total 14 52932573    

 

 
 

 

 

Figure 4.8 shows the Pareto chart of the standardised impacts of the quadratic 

model for effective stress, which is taken into account as the output reaction of the 

effective stress. Examples of this output response include cutting speed (A), feed rate (B), 

and depth of cut (C). Since all of the model variables, including A, B, C, AA, BB, CC, AB, 

AC, and BC, are extremely far from the standardised effects of 2.571, the Pareto chart of 

the standardised effects that justified the model for the effective stress is not relevant. 

Therefore, it is imperative to improve the model for the effective stress through the process 

of removing irrelevant model terms. 

 

 

Figure 4.8: Pareto chart of the standardized effects of the reduced quadratic model 

for effective stress 
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Insignificant model terms like AA, BB, BC, and AB are removed from the model 

in order to improve it for effective stress. To analyse the model for effective stress using 

ANOVA, the model terms A, B, C, AC, and CC are chosen. The reduced quadratic model 

for effective stress's ANOVA analysis is shown in Table 4.8. Following the removal of 

irrelevant model terms, Table 4.8 displays the "Model P-value" of 0.016, which denotes 

that the model is almost significant. Following the elimination of the irrelevant model 

terms, the "Model P-value" of the effective stress model was drastically lowered from 

0.104 to 0.016. 

 

Table 4.8: Analysis of variance for effective stress after elimination process 

Source DF Adj SS Adj MS F-Value P-Value  

 
Significant Model 5 39438988 7887798 5.26 0.016 

Linear 3 3285625 1095208 0.73 0.559 

Cutting Speed 1 525313 525313 0.35 0.568 

Feed Rate 1 800112 800112 0.53 0.484 

Depth of Cut 1 1960200 1960200 1.31 0.282 

Square 1 7047338 7047338 4.70 0.058 

Depth of Cut*Depth of Cut 1 7047338 7047338 4.70 0.058 

2-Way Interaction 1 29106025 29106025 19.41 0.002 

Cutting Speed*Depth of Cut 1 29106025 29106025 19.41 0.002 

Error 9 13493586 1499287   

Total 14 52932573    

 

The feed rate showed the greatest impact on the FEA machining response of 

effective stress, according to the ANOVA analysis of the simplified quadratic model for 

effective stress. In which the "P-value" of the cutting speed is 0.568, and the "P-value" of 

the depth of cut is 0.282, and the feed rate "P-value" of 0.484. According to the "P-value" 
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of 0.016, the feed rate greatly affects the effective stress. The feed rate is the major variable 

that has the greatest impact on the actual stress. 

 

 

Figure 4.9: Pareto chart of the standardized effects of the reduced quadratic model 

for effective stress after elimination process 

 

Figure 4.10 shows the surface plot of effective stress vs cutting speed and depth. In 

a three-dimensional view, the surface plot of effective stress shows the relationship 

between cutting speed and depth of cut, which significantly contributes to the effective 

stress. The effective stress surface plot shows that the effective stress increases with 

increasing cut depth and decreasing cutting speed. As the cutting speed increases and the 

depth of cut decreases, the effective stress is decreasing. According to a study by Pradhan 

(2019), the effective stress increases as the cut depth increases. According to a study 

carried out by Swamy (2012), the effective stress decreases as the cutting speed increases. 
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Figure 4.10: Surface plot of effective stress 

 

Effective stress, depth of cut, and cutting speed are shown as a contour plot in 

Figure 4.11 in a two-dimensional view. The cutting speed and depth of cut of effective 

stress interact, as seen by the contour plot of effective stress. The highest value of depth of 

cut and the lowest value of cutting speed result in the maximum effective stress, which is 

indicated by the darkest green shade. 

 

Figure 4.11: Contour plot of effective stress 

4.2.2 Mathematical model for effective stress 

 

 

The Minitab software was used to obtain the mathematical model for the simplified 

quadratic model for effective stress. Equation 4.6 in this mathematical model illustrates the 

mathematical relationship between the effective stress and the output responses of the 
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effective stress, such as cutting speed, feed rate, and depth of cut. Equation 4.7 also shows 

the computation as it would be performed using Equation 4.6 for Run 6. Cutting speed, 

feed rate, and depth of cut were all 140 m/min for run 6, 1.0 mm per revolution, and 0.5 

mm, respectively. Equation 4.8 also shows the discrepancies between the simulation result 

for run 6 and the computation using Equation 4.6. 

Effective stress = -21920 + 237.6 Cutting Speed - 633 Feed Rate + 16134 Depth of cut 

      + 2443 Depth of cut*Depth of cut - 179.8 Cutting Speed*Depth of cut  

           (4.6) 

 

Effective stress =  6802.75                  

           (4.7) 

 

Differences = ([Effective Stress Calculation – Effective Stress Simulation])/            

           (4.8) 

(Effective Stress Calculation)  x 100% 

 

Table 4.9 shows the percentage differences between the simulation value's 

minimum and maximum and the calculated value, which are 0.03% and 205.36%, 

respectively. These percentage differences were calculated using Equation 4.6 and 

applied to all 15 simulation runs. The output response of effective stress is closely 

matched to data from the FEA machining simulation by the value predicted by using 

a mathematical model. This shows that the effective stress relationship between the 

simulation values and the mathematical model is consistent. Additionally, there was 

an average difference of 54.96% between the simulation and calculation results for 

the effective stress.  

 

Table 4.9: Percentage differences between the simulation and calculation of effective stress 

 

Run 
Effective Stress, Mpa 

(Calculation Value) 

Effective Stress, Mpa 

(Simulation Value) 

Percentage Difference, 

% 

1 3033.19 2410 20.55 

2 3547.19 2640 0.03 

3 2400.19 3890 62.07 

4 2914.19 6620 127.16 
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5 894.75 1670 86.64 

6 6802.75 1300 80.89 

7 7287.00 6680 8.33 

8 2407.00 7350 205.36 

9 4165.25 1570 62.31 

10 3532.25 1630 53.85 

11 5163.50 3730 27.76 

12 4530.50 4480 1.11 

13 2973.69 3850 29.47 

14 2973.69 3850 29.47 

15 2973.69 3850 29.47 

 

4.2.3 Optimization parameter for effective stress 

 

By employing the Minitab software, the optimization parameters of effective stress, 

which is taken into consideration as the output response, were calculated. The effective 

stress optimization parameter is shown in Table 4.10. The cutting speed is 100 m/min, the 

feed rate is 1.5 mm/rev, and the depth of cut is 0.50 mm, which results in the minimum 

effective stress of 577.50 Mpa, as shown in Table 4.10. The composite desirability of 1 

shows the importance of the effective stress optimization factors that might lead to the 

lowest possible effective stress. The proportion. Equation 4.9 shows optimization for the 

effective stress, which is taken to be considered as the output response. Equation 4.10 

shows the example of a calculation using Equation 4.9. 

 

Table 4.10: Optimization parameters of effective stress 

 

Solution 

Cutting 

Speed 

Feed 

Rate 

Depth of 

Cut 

EFFECTIVE STRESS 

Fit 

Composite 

Desirability 

1 100 1.5 0.50 577.50 1 
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Figure 4.12: Optimization parameters graph of effective stress 

The percentage optimization of Effective Stress: 

= 
[Minimum Value – Optimized Value] 

X 100% (4.9)
 

Minimum Value 
 

 

      The percentage optimization of Effective Stress: 

= 
[1300 – 577.50] 

X 100%
 

1300 
 

= 55.58 % (4.10) 

 

 

The FEA DEFORM 3D simulation produced the lowest value of effective stress, 

1300 Mpa, while Minitab software produced the optimised value of effective stress, 577.50 

Mpa. Equation 4.9 was used to compute the percentage optimisation for effective stress, 

and the result is 55.58%. With the application of the effective stress optimisation 

parameters, which are the cutting speed of 100 m/min, the feed rate of 1.5 mm/rev, and the 

depth of cut of 0.50 mm that were obtained from Minitab software, the effective stress has 

been optimised by 55.58%, as indicated by the percentage optimisation of 55.58%.  

4.3 Simulation result for Material Removal Rate (MRR) 

 

Table 4.11 shows the results of the simulation for MRR, which is considered as the 

output response of the cutting parameters such as cutting speed, feed rate, and depth of cut. 

The results reveal that Run 4 has the highest MRR, 2.4525 m3/min, and that Run 9 has the 
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lowest MRR, 0.04275 m3/min. Figure 4.13 shows the appearance of Run 4 for the highest 

value of MRR (a) without a cutting tool and (b) with a cutting tool.  

 

Table 4.11: Simulation result for MRR 

 

 

  
 

   (a)      (b) 

Figure 4.13: (a) Appearance of Run 4 without cutting tool and (b) Appearance of 

Run 4 with cutting tool for the maximum value of cutting velocity. 

 

No 
Cutting speed 

(m/min) 

Feed rate 

(mm/rev) 

Depth of cut 

(mm) 

Cutting Velocity 

(mm/s) 

Material removal 

rate (m³/min) 

1 100 0.5 1.25 1990 0.074625 

2 140 0.5 1.25 63300 2.37375 

3 100 1.5 1.25 2260 0.25425 

4 140 1.5 1.25 21800 2.4525 

5 100 1.0 0.50 5400 0.162 

6 140 1.0 0.50 3400 0.102 

7 100 1.0 2.00 6210 0.7452 

8 140 1.0 2.00 3120 0.3744 

9 120 0.5 0.50 2850 0.04275 

10 120 1.5 0.50 15600 0.702 

11 120 0.5 2.00 17100 1.026 

12 120 1.5 2.00 2430 0.4374 

13 120 1.0 1.25 3380 0.2535 

14 120 1.0 1.25 3380 0.2535 

15 120 1.0 1.25 3380 0.2535 
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4.3.1 Analysis of variance for MRR 

 

Table 4.12 shows the results of the quadratic model's analysis of variance for MRR. 

Since the "Model P-value" of 0.127 was greater than the -value, which is set at 0.05, Table 

4.12 indicates that the model is not significant. The data inside the required 95% 

confidence interval are therefore not represented by the MRR model. 

 

Table 4.12: Analysis of variance of MRR 

Source DF Adj SS Adj MS F-Value P-Value  

 
Not 

significant 

Model 9 1.92376E+15 2.13752E+14 2.69 0.144 

Linear 3 7.58084E+14 2.52695E+14 3.18 0.123 

Cutting Speed 1 3.37740E+14 3.37740E+14 4.25 0.094 

Feed Rate 1 3.26353E+14 3.26353E+14 4.10 0.099 

Depth of Cut 1 9.39906E+13 9.39906E+13 1.18 0.327 

Square 3 6.57735E+14 2.19245E+14 2.76 0.152 

Cutting Speed*Cutting Speed 1 6.00942E+14 6.00942E+14 7.56 0.040 

Feed Rate*Feed Rate 1 1.86344E+13 1.86344E+13 0.23 0.649 

Depth of Cut*Depth of Cut 1 3.21811E+13 3.21811E+13 0.40 0.553 

2-Way Interaction 3 5.07946E+14 1.69315E+14 2.13 0.215 

Cutting Speed*Feed Rate 1 2.99679E+14 2.99679E+14 3.77 0.110 

Cutting Speed*Depth of Cut 1 1.90337E+14 1.90337E+14 2.39 0.183 

Feed Rate*Depth of Cut 1 1.79299E+13 1.79299E+13 0.23 0.655 

Error 5 3.97681E+14 7.95363E+13   

Total 14 2.32145E+15    

 

 

Figure 4.14 illustrates the Pareto chart of the standardised effects of the quadratic 

model for MRR, which are thought to be the MRR's output responses, such as cutting 

speed (A), feed rate (B), and depth of cut (C). Since all of the model terms, including A, B, 
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C, AA, BB, CC, AB, AC, and BC, are incredibly far from the standardised effects of 

2.571, the Pareto chart of the standardised effects demonstrated that the model for the 

MRR is not significant. As a result, improving the model for the MRR strongly 

necessitates the process of removing insignificant model terms. 

 

Figure 4.14: Pareto chart of the standardized effects of the reduced quadratic 

model for MRR 

 

Insignificant model terms like AC, BB, BC and CC are removed from the model in 

order to improve the MRR model. As a result, the ANOVA analysis of the model for the 

MRR is chosen to use the model terms A, B, C, AC and CC. The ANOVA analysis of the 

simplified quadratic model for MRR is shown in Table 4.13. After insignificant model 

terms were removed, Table 4.13's "Model P-value" of 0.024 suggests the model is 

significant. After the irrelevant model terms were eliminated, the "Model P-value" of the 

MRR model was dramatically lowered from the value of 0.144 to 0.024. 

Table 4.13: Analysis of Variance of MRR after elimination process 

Source DF Adj SS Adj MS F-Value P-Value  

 
Significa

nt 

  Model 5 1.66059E+15 3.32118E+14 4.52 0.024 

     Linear 3 7.58084E+14 2.52695E+14 3.44 0.065 

    Cutting Speed 1 3.37740E+14 3.37740E+14 4.60 0.061 

    Feed Rate 1 3.26353E+14 3.26353E+14 4.44 0.064 
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    Depth of cut 1 9.39906E+13 9.39906E+13 1.28 0.287 

 Square 1 6.02827E+14 6.02827E+14 8.21 0.019 

Cutting Speed*Cutting Speed 1 6.02827E+14 6.02827E+14 8.21 0.019 

  2-Way Interaction 1 2.99679E+14 2.99679E+14 4.08 0.074 

 

Cutting Speed*Feed Rate 1 2.99679E+14 2.99679E+14 4.08 0.074 

 

  Error 9 6.60856E+14 7.34284E+13   

 

  Total 14 6.56605E+14    

 

  

The cutting speed showed the greatest impact on the FEA machining response of 

MRR, according to the ANOVA analysis of the reduced quadratic model for MRR. In 

which the "P-value" of the cutting speed, which is 0.061, is lower than that of the feed rate, 

which is 0.064, and the depth of cut, which is 0.287, respectively. According to the "P-

value" of 0.024, the cutting speed greatly affects the MRR. The cutting speed is the main 

factor that has the greatest impact on MRR. 

 

Figure 4.15: Pareto chart of the standardized effects of the reduced quadratic model for 

MRR after elimination process 

 

Figure 4.16 shows the surface plot of MRR versus cutting speed and depth of 

cut. In a three-dimensional view, the MRR surface plot shows the interaction between 

cutting speed and depth of cut, which greatly affects the MRR. The MRR surface plot 

demonstrates that the MRR increases when the depth of cut and cutting speed are 
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decreased. In the meantime, as cutting speed and cut depth decrease, the MRR also 

decreases. Similar to the research done by Dinesh et al. (2016), MRR decreases as 

cutting speed increases. The MRR and the depth of cut also have an inverse 

relationship in which the MRR increases as the depth of cut decreases. A study about 

turning machining by Pant et al. (2017) shows that, cutting speed found to be the most 

significant cutting parameter for MRR. 

 

 
Figure 4.16: Surface plot for MRR 

 

 

Figure 4.17 is a contour plot that shows the contour plot of MRR against feed rate 

against cutting speed in a two-dimensional view. The interaction between the cutting speed 

and feed rate of MRR is vividly shown by the MRR contour plot. The lowest value of feed 

rate and the lowest value of cutting speed result in the maximum MRR, indicated by the 

darkest green shade. 

 
Figure 4.17: Contour plot for MRR 
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4.3.2 Mathematical model for MRR 

 

By employing the Minitab software, the simplified quadratic model for MRR's 

mathematical model was developed. Equation 4.11 in this mathematical model shows a 

mathematical connection for the MRR, which is thought of as the MRR's output response, 

including cutting speed, feed rate, and depth of cut. Additionally, Equation 4.12 shows the 

calculation for run 4 using Equation 4.11 as a reference. Cutting speed, feed rate, and depth 

of cut were all 140 m/min for run 4, 1.5 mm/rev for the feed rate, and 1.25 mm for the 

depth of cut. Equation 4.13 also shows the discrepancies between the simulation result for 

run 4 and the computation using Equation 4.11. 

 

 

Material Removal Rate  

= 611157552 - 8814723 Cutting Speed - 116641563 Feed Rate + 4570208 Depth of cut 

+ 31768 Cutting Speed*Cutting Speed + 865563 Cutting Speed*Feed Rate              

(4.11) 

Material Removal Rate = 12267777.50      

 (4.12) 

Differences = ([Effective Stress Calculation – Effective Stress Simulation])/        

 (4.13) 

(Effective Stress Calculation)  x 100% 

 

For every of the 15 simulation runs, the percentage differences between the 

calculated value and the simulation value are shown in Table 4.14. The percentage 

differences between the minimum and maximum simulation value and the 

calculated value are 11.51% and 778.95%, respectively. The output response of 

MRR may be predicted using a mathematical model, and the value is near to data 

from the FEA machining simulation. This shows that the MRR simulation values 

and their connection to the mathematical model are reliable. Additionally, the 

MRR's average error between simulation and calculation values was 71.91%.  
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Table 4.14: Percentage differences between the simulation and calculation 

MRR 

Run 
Material removal rate (m³/min) 

(Calculation value) 

Material removal rate (m³/min) 

(Simulation value) 

Percentage Difference 

% 

1 2.28212283 0.074625 96.73 

2 0.46383123 2.37375 411.77 

3 0.47700705 0.25425 46.70 

4 0.73606665 2.4525 233.19 

5 1.17390558 0.162 86.20 

6 0.39428958 0.102 74.13 

7 1.5852243 0.7452 52.99 

8 0.8056083 0.3744 53.53 

9 0.4048857 0.04275 89.44 

10 0.3615545 0.702 94.16 

11 0.8162044 1.026 25.70 

12 0.0497642 0.4374 778.95 

13 0.2273249 0.2535 11.51 

14 0.2273249 0.2535 11.51 

15 0.2273249 0.2535 11.51 

 

4.3.3 Optimization parameter for MRR 

  

The Minitab software was implemented to acquire the MRR optimisation 

parameters, which are thought of as the output response. The MRR's optimisation 

parameter is shown in Table 4.15. According to Table 4.15, the cutting speed is 118.18 

m/min, the feed rate is 1.5 mm/rev, and the depth of cut is 0.5 mm, which results in a 

maximum MRR of -6.12E+06 m3/min. The composite desirability of 1 shows that the MRR 

optimisation factors are important and might produce the highest MRR. Equation 4.14 

shows the percentage optimisation for the MRR, which is regarded as the output response. 

Equation 4.15 shows an example of a computation that uses Equation 4.14.  
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Table 4.15: Optimization parameters of MRR 

 

Solution 

 
Cutting Speed 

 
Feed 

Rate 

 
Depth 

 of Cut 

MATERIAL 

REMOVAL RATE 

Fit 

 
Composite 

Desirability 

1 100 0.50 2.0 4.14E+07 1 

 

 

Figure 4.18: Optimization parameters graph of MRR 

The percentage optimization of MRR 

= 
[Highest Value – Optimized Value] 

X 100% (4.14)
 

Highest Value 

 

The percentage optimization of MRR 

= 
[ 2.4525 – 4.146E+07 ] 

X 100%
 

2.4525 
 

= 1.69x109 % (4.15) 

 

 

The FEA DEFORM 3D simulation produced the maximum MRR, 5.16 m3/min, 

whereas Minitab software produced the cutting temperature optimisation value, 4.1412 

m3/min. Equation 4.14 was used to calculate the percentage optimisation for cutting 

temperature, and the result is 19.74%. The MRR has improved by 19.74% with the 

application of the optimisation parameters of MRR, which are the cutting speed of 100 

m/min, the feed rate of 0.50 mm/rev, and the depth of cut of 2.0 mm that were derived 

using Minitab software, according to the percentage optimisation of 19.74%. 
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4.4  Multiple Responses 

 

The FEA DEFORM 3D simulation produced the maximum MRR, 5.554E+07 

m3/min, whereas Minitab software produced the cutting temperature optimisation value, 

1327.26°C. Equation 4.14 was used to calculate the percentage optimisation for cutting 

temperature, and the result is 1.4376x1010%. The MRR has improved by 1.4376x1010% 

with the application of the optimisation parameters of MRR, which are the cutting speed of 

118.18 m/min, the feed rate of 1.5 mm/rev, and the depth of cut of 0.5 mm that were 

derived using Minitab software, according to the percentage optimisation of 

1.4376x1010%. 

Table 4.16: Constraint and target for cutting parameters and output response. 

Cutting Parameters/ 

Output Response 

Target/Constraint 

Cutting Temperature Minimize 

Effective Stress Minimize 

Material Removal Rate Maximize 

 

 Table 4.17: Optimization parameters of the multiple response 

 
 

 

Solution 

 

Cutting 

Speed 

 

Feed 

Rate 

 

Depth 

of Cut 

MATERIAL 

REMOVAL RATE 

Fit 

EFFECTIVE 

STRESS 

Fit 

CUTTING 

TEMPERATURE 

Fit 

 

Composite 

Desirability 

1 100 0.60 0.5 5.554E+07 1831.943 1327.26 0.8317 

 

 

 

The composite desirability of the multiple responses' optimisation parameters is 

shown in Table 4.16 to be 0.8317, which is very close to 1 and indicates that the multiple 

responses' cutting temperature, effective stress, and material removal rate are important 

optimisation parameters. With a cutting speed of 100 m/min, feed rate of 0.6 mm/rev, and 

depth of cut of 0.5 mm, the composite desirability of 0.8317 could accomplish the highest 
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material removal rate, the lowest cutting temperature, and the lowest effective stress. The 

maximum MRR value was 5.554E+07 m3/min, the lowest effective stress value was -

1831.943 Mpa, and the lowest cutting temperature value was 1327.26°C. The multiple 

response optimisation plot is shown in Figure 4.19. 

 

 

Figure 4.19: Multiple response optimization plot 

4.5 Experimental Validation 

 The process of comparing and validating simulation results with actual 

experimental data is known as experimental validation from simulation data. Simulations 

are frequently used in scientific and engineering research to represent complicated systems 

or phenomena, particularly when carrying out tests in the actual world could be difficult, 

expensive, or time-consuming. In order to guarantee that the simulation accurately portrays 

the real-world system or phenomenon, experimental validation from simulation data is 

essential. It improves the veracity and dependability of the simulation results, enabling 

researchers to base their choices on the model's predictions. 
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4.5.1 Material Removal Rate Validation 

In the manufacturing and machining sectors, a method known as experimental 

material removal rate (MRR) validation is used to confirm the precision of the material 

removal rate attained during a particular machining operation or process. The volume of 

material removed per unit time during machining, or MRR, is a significant statistic that 

directly affects the productivity and efficiency of the machining process. To guarantee the 

effectiveness and dependability of the machining process, MRR validation is essential. 

Accurate MRR values support manufacturers in process optimisation, productivity 

enhancement, and cost reduction. Additionally, it assists in choosing the proper cutting 

tools and cutting environments for particular machining procedures. Below are the 

calculations for the experimental validation of minimum, maximum and optimum. Thus, 

table 4.18 below shows the comparison MRR value for minimum, maximum and optimum 

of simulation and experimental. 

 

Figure 4.20: Experimental MRR calculation for minimum 
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Figure 4.21: Experimental MRR calculation for maximum 

 

Figure 4.22: Experimental MRR calculation for optimum 
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Table 4.18: Comparison of MRR simulation and experimental value 

MRR Simulation (m3/min) Experimental (m3/min) 

Minimum 0.102 31.72e12 

Maximum 2.4525 27.84e12 

Optimum 5.554e7 6.07e12 

 

4.5.2 Surface Roughness and Appearance 

 

Surface characteristics, such as surface roughness and appearance, are crucial for a 

wide range of industries, including manufacturing, engineering, and design. The term 

"surface roughness" describes small variations and inconsistencies in a surface's texture. It 

measures the slight differences in the surface's height or depth with regard to a reference 

plane. The distribution of these abnormalities, which can be either peaks or valleys, 

impacts the overall texture and smoothness of the surface.  

The term "surface appearance" describes how a surface appears and feels to the 

senses of humans, particularly to the sense of vision. Colour, glossiness, texture, 

transparency, and the existence of any flaws or blemishes are just a few of the different 

characteristics it includes. In fields where marketing and consumer preferences are heavily 

influenced by a product's aesthetic appeal, surface appearance is vital. 

Choosing the right material, performing surface treatments like polishing, painting, or 

anodizing, and taking quality control precautions are all important considerations when 

achieving the required surface look. Table 4.19 below shows the experimental cutting 

paramenters for minimum, maximum and optimum also Figure 4.23 and Figure 4.24 

depicts the minimum and optimum result for the surface roughness Ra value. 
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Table 4.19: Experimental cutting parameters for minimum, maximum and optimum 

Parameters Minimum (Run 6) Maximum (Run 4) Optimum 

Cutting Speed 140 140 100 

Feed Rate 1.0 1.5 0.5 

Depth of Cut 0.5 1.25 2.0 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.23: Surface roughness Ra value for minimum 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.24: Surface roughness Ra value for optimum 
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The arithmetic average of the absolute values of the roughness characteristic breaks 

from the mean line is referred to as the Ra value in surface roughness measurements. One 

of the parameters used to measure surface roughness is the following. In general, smoother 

surfaces are indicated by lower Ra values, and smoother surfaces are frequently preferred 

for particular applications. When comparing the minimum and optimum surface roughness 

values, termed Ra values, the optimum values demonstrate and justify the optimal cutting 

settings from the simulation. 

 

4.6 Summary 

 

The simulation results, ANOVA analysis, mathematical model, response 

optimisation, and multiple response optimisation for the cutting temperature, effective 

stress, and material removal rate are all clearly shown and described in this chapter. The 

feed rate was the cutting parameter that had the greatest impact on the cutting temperature 

and effective stress. The cutting speed, however, exerted the greatest impact on the rate of 

material removal. Additionally, the surface plot and contour plot make it evident how the 

cutting temperature, effective stress, and material removal rate interact with one another on 

the output response. Finally, the Minitab software's optimisation parameters for the cutting 

temperature, effective stress, and material removal rate. 
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CHAPTER 5 

 

CONCLUSIONS AND RECOMMENDATIONS 

 

The sections outlined in the conclusion section of this chapter aim to wrap up the 

project's purpose. The suggestion of enhancing the turning machining process for this 

research is clarified in the section on recommendations. 

5.1 Conclusion 

 

The objective of this project is to use FEA DEFORM 3D machining software to 

simulate the turning process in order to obtain the lowest cutting temperature, lowest 

effective stress, and highest material removal rate. The most important cutting factors, such 

as feed rate, cutting speed, and depth of cut, are discovered using the ANOVA analysis 

approach. According to the ANOVA analysis, the feed rate showed the greatest impact on 

the cutting temperature response. The feed rate was then the cutting parameter that had the 

greatest impact on the effective stress. The cutting speed, in the end, exerted the greatest 

impact on the rate of material removal. 

The second objective of the research is to investigate into how cutting factors like 

feed rate, depth of cut, and speed interact with output responses like cutting temperature, 

effective stress, and rate of material removal. The most significant interaction that 

influences the entire output response is between feed rate and cutting speed. 

The last objective is to use single- and multi-objective optimisation to optimise the 

parameters. The turning machining simulation process's optimum single response and 

multi-response set of cutting parameters were effectively optimised in this project. The 

optimisation was performed for the following parameters: cutting temperature, cutting 
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speed of 140 m/min, feed rate of 0.5 mm/rev, and depth of cut of 2.0 mm with a composite 

desirability of 1. With a composite desirability of 1, the optimisation parameters for 

effective stress are cutting speed of 100 m/min, feed rate of 1.5 mm/rev, and depth of cut 

of 577.50 mm. Material removal rate, cutting speed of 118.18 m/min, feed rate of 1.5 

mm/rev, and depth of cut of 0.5 mm are the optimisation parameters with composite 

desirability of 1. 

The objective of the multi-response optimisation aimed to maximise material 

removal rate, minimise cutting temperature, and reduce effective stress. The most optimal 

combination of cutting parameters for a multi-response system are cutting speed of 100 

m/min, feed rate of 0.6 mm/rev, and depth of cut of 0.5 mm with composite desirability of 

0.8317, which results in the highest value of MRR of 5.554E+07m3/min, the lowest value 

of effective stress of 1831.943MPa, and the lowest value of cutting temperature of 

1327.26°C. 

5.2 Recommendations 

 

In the machining industry, numerical simulation tools like the FEA DEFORM 3D 

machining software are strongly advised for future projects. As opposed to experimental 

work, the simulation is significantly more advantageous in that it can forecast the output 

response without requiring a significant initial time and financial investment. Additionally, 

compared to experimental work, numerical simulation can display data that is far more 

accurate. 

The use of various cutting tool materials is next strongly advised for a variety of 

outcomes. Further research is also advised on the comparison of various coolants, 

including water- and oil-based ones. For additional research, the usage of flooded-type or 

spray-type coolant techniques can also be looked at. 
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5.3 Sustainable design and development 

 

For the purpose of evaluating the sustainability of a machining process, several 

different factors, including economic, environmental, and social factors, must be 

considered. Sustainable engineering demands that manufacturing companies address 

economic efficiency, environmental benefits, and societal benefits through process design 

that makes use of cutting-edge manufacturing technology in order to improve a product's 

competitive position. Intelligence techniques for turning machining will become a crucial 

component of sustainable machine tool design for obtaining real-time monitoring data such 

as energy usage, cutting temperature, noise, tool wear, and so on. They promote the use of 

intelligent manufacturing, intelligent manufacturing processes, and intelligent factories. 

5.4 Complexity 

 

The method of determining optimum cutting parameters for turning machining. It 

will cost money and take time. The turning machining process' cutting parameter is 

difficult to get and cannot be modified easily. The use of FEA, journal reads, and software 

expertise required to complete this study. 
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Appendix A: Gantt Chart MP 1 
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Appendix B: Gantt Chart MP 2 
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Appendix C: Cutting Temperature Simulation 
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Appendix D: Effective Stress Simulation 
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Appendix E: Cutting Velocity Simulation 
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Appendix E: Experimental Workpiece 
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