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ABSTRACT 

End milling is one of the most universal and widely accepted machining operation in many 

manufacturing industries such as automobile, aerospace, die making, biomedical 

instruments, etc. An appropriate selection of process variables influence on productivity, 

quality, cost and delivery time of the product therefore the right selection of process variables 

is very important for end milling operation. Prediction and optimization of process variables 

increase the productivity of the product in obviously. Multi objective optimization and 

prediction instead of single objective is a challenging task in manufacturing industries. The 

objectives are to use artificial neural network (ANN) tool of artificial intelligence (AI) 

techniques to predict the responses and multi objective genetic algorithm (MOGA) tool to 

optimize the process parameters of the end milling operation for selected materials before 

the practical work. 

In current research, ANN and multi objective genetic algorithm tools have been used for the 

prediction and optimization of multi-response parameters of the end milling process. Here 

input machining parameters such as cutting speed, feed rate, depth of cut and mechanical 

properties of the material such as density and hardness have been considered for various 

responses such as material removal rate, machining time, tool life, tangential cutting force, 

torque and power. The cutting tool material properties have been included as a constant and 

exponent that shows a relation between cutting tool material and work material. The 

mathematical model has been developed and established based on empirical equations. This 

mathematic model has been utilized for the development of ANN model for prediction and 

multi objective genetic algorithm tool for optimization of performance evaluation criteria of 

end milling process. MATLAB R2015a has been utilized for the training and testing of the 

ANN model. Feed forward back propagation algorithm has been used with 5 input neurons, 

6 hidden layers, 10 neurons in each hidden layer and 6 output neurons. Minitab 17 has been 

used for various factors and level combinations. Experimentation work has been carried out 

for validation of the ANN model. The experiments have been performed on AISI1020 steel 

material with a 12 mm diameter four flute solid carbide tool end mill cutter. In manufacturing 

industries, multiple objectives have a conflicting in nature. Multi objective genetic algorithm 

tool has been used to find out the combination of input variables to maximize material 

removal rate, tool life and minimize machining time, tangential cutting force, torque and 

power. The one set of optimized cutting parameters has been validated through 



xiv 

 

experimentation. A good agreement has been found between the results of multi objective 

genetic algorithm tool and experimentation.  

Finally, it has been concluded that ANN based prediction model with multi objective genetic 

algorithm based optimization approach can efficiently utilize to prediction and optimization 

for multi-response parameters of the end milling process for selected materials before 

practical work. The outcome of the research is helpful to industries to reduce the time and 

costs of experimental trials before actual production. It also improves productivity and 

reduce the power consumption. 

Structure of the thesis 

The thesis organizes into five chapters as described below: 

CHAPTER – 1 introduces the milling machine, end milling process, process parameters and 

the importance of responses. Overview of the artificial intelligence techniques and a brief 

discussion on artificial neural network and genetic algorithm. 

CHAPTER – 2 entitled as the review of literature comprises of the review carried out on end 

milling process parameters, prediction, optimization techniques and applications. A research 

gap has been found out during the research period. The problem statement, research 

objective and scope of work of this investigation have been framed.  

CHAPTER – 3 discusses the research methodology. This chapter includes the procedure of 

development of the mathematical model, an artificial neural network for prediction and multi 

objective genetic algorithm for multi objective optimization. This chapter describes the 

experimental work for validation of the above AI models. 

CHAPTER – 4 entitled as result and discussion of this investigation. Comparison of the 

results of the mathematical model, ANN model and experimental values with discussion on 

the same have been covered in the chapter. Multi objective optimization based genetic 

algorithm provides the non-dominated pareto optimum solution has been reported here. 

CHAPTER – 5 discussed the conclusions of this research and the future scope of the work. 
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CHAPTER: 1 

INTRODUCTION 

In the manufacturing Industries, various machining processes are used to remove unwanted 

material and give the required shapes in metal components. Within these metal cutting 

processes, milling is the most important and widely useful process for removing the material 

compared to turning, grinding, drilling, etc. Among different types of milling processes, end 

milling process is a significant and universal cutting operation in industries. The expensive 

setup requires in industries during the experimental process and it's very time-consuming. 

In the recent era of competition, the manufacturer may take benefit through research work 

on the prediction of responses of machining processes without doing costly and time-

consuming experimentation work for newer and advanced materials on demand of the 

customer. Artificial intelligence (AI) techniques are propelled by the manner in which living 

creatures process data and make choices to construct prediction models include fuzzy logic, 

genetic algorithm, artificial neural network, support vector machines [1]. Artificial neural 

network (ANN) is a significant exact approach corresponding to the performance of the 

biological neural system and it can distinguish very complex relationships through input and 

response data set [2]. Multi objective genetic algorithm (MOGA) widely utilized for the 

optimization of conflicting machining parameters [3]. 

1.1 Milling machine 

Milling is defined as a machining process in which metal is removed by a rotating multiple 

tooth cutter. It is a power-driven machine that removes a small amount of metal in each 

revolution of the spindle. The milling machine is constructed in such a manner that holding 

the workpiece and feeding into the rotating cutter. Varieties of cutters and holding devices 

allow a wide range of cutting possibilities. The cutting action of the many teeth around the 

milling cutter provides a fast method of machining. The machined surface may be flat, 

angular, curved, or any combination of shapes. A milling machine is classified based on the 

position of its spindle. There are two major types of milling machines, the vertical milling 

machine and the horizontal milling machine. The vertical milling machine spindle axis is in 
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vertical position and the horizontal milling machine spindle axis is in horizontal position. In 

a vertical milling machine, the machine table moves perpendicular to the spindle axis of 

rotation and in a horizontal milling machine, the worktable moves parallel to the spindle axis 

of rotation. The vertical milling machine is the most common type found in the machine 

shop as it is capable to produce a variety of parts with constant accuracy and quality. The 

vertical machining machine is a three axis machine and capable to control all three axes 

instantaneously. The vertical machining machine performs a multiplicity of operations in 

one setup. Another type of mill is the combination milling machine. This milling machine is 

a hybrid of the vertical and the horizontal, known as a universal milling machine. Many 

types of milling cutters like face milling cutter, profile milling cutter, side milling cutter, 

plain milling cutter, end milling cutter and angular milling cutter have been used in various 

milling operations.  

1.2 End milling operation 

Milling process is used for simple to complex geometry components, as a result of its 

capacity to expel material rapidly.  The milling operations have been differentiated based on 

the relative condition of workpieces and milling cutters like plain or slab milling, face 

milling, side milling, angular milling, gang milling, form milling, end milling, saw milling, 

keyway milling, gear cutting milling, etc. End milling operation is used to produce slots, flat 

surfaces and profiles by using an end milling cutter. The end milling operation is shown in 

Fig. 1.1. 

 

FIGURE 1.1 End milling operation [12] 

The surfaces produced may be horizontal, vertical or inclined concerning the top of the 

machine table. The end milling process is utilized in many manufacturing industries such as
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automobile, aerospace, die making, biomedical instruments, etc. In end milling, the material 

removes by two continuous movements for tools and workpiece. The tool is in rotating 

movement and the workpiece is in straight ones. In this study Computer numerical control 

(CNC) vertical milling machine and end milling cutter have been selected for end milling 

operation. The end milling machining process parameters, which considered in this current 

investigation are as follow: 

Cutting speed 

The cutting speed that the cutter moves through the workpiece. The cutting speed of the 

milling cutter has traveled the distance per minute by the cutting edge of the cutter. Cutting 

speed is measured at the circumference of the cutter. 

Mathematically it can be represented as, 

c
0

V  = 
100

cD N
  m/min.         (1.1) 

Where, Vc = Cutting speed (m/min.) 

 Dc = Cutter diameter (mm) 

 N = Cutter speed (rpm) 

Feed rate 

The feed represents the tool moves relative to the workpiece during a full rotation of the tool. 

It can define the rate at which the workpiece advances under the milling cutter. The feed rate 

is defined in a milling machine by the following terms, 

Feed per tooth: It is defined by the distance, the workpiece advances in the time between 

engagements by two successive teeth. It is measured in mm/tooth of the cutter. 

Feed per minute: It is defined by the distance, the workpiece advances in one minute. It is 

measured in mm/min. 

Feed per revolution: Work piece travel during one revolution of the milling cutter. It is 

measured in mm/rev. 

Depth of Cut  

Depth of cut in milling operation is the measure of penetration of cutter into the workpiece. 

It is the thickness of the material removed in one pair of a cutter under process. One pair of 

cutter means when the cutter completes the milling operation from one end of the workpiece 

to another end. In other words, it is the perpendicular distance measured between the original 

and generated surface of the workpiece. It is measured in mm.  
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Properties of workpiece material 

The properties of workpiece material affect the responses like material removal rate, tool 

life, cutting force, surface roughness, machining time, power consumption, etc. Workpiece 

dimension and material properties such as hardness and density are considered. The 

properties of workpiece is very important for the selection of proper tool and machining 

parameters during machining. In this investigation, AISI1020 material has been selected as 

a workpiece material. The hardness and density have been considered as input process 

parameters for prediction and multi objective optimization of the end milling operation. 

1.3 Importance of prediction of responses 

In manufacturing, machining performance has been measured based on response parameters. 

Among various responses, the following responses have been considered in this research.  

 Material removal rate (mm3/s) 

 Machining time (Sec.) 

 Tool life (Minutes) 

 Tangential cutting force (N) 

 Torque (Kgf. mm) 

 Power (kW) 

The importance of responses have been discussed below: 

1.3.1 Importance of material removal rate in end milling 

Material removal rate (MRR) is defined as the amount of material removed from the work 

specimen during a specific time. Productivity is measures based on MRR. Productivity 

depends upon the volume of removed metal in the machining process. When MRR increases 

the productivity increases. The accurate prediction of MRR is improve productivity and 

reduce the cutting cost in industries [13]. So that the prediction of MRR and optimum cutting 

condition of machining parameters is required to improve the productivity. 

1.3.2 Importance of machining time in end milling 

Machining time is an important parameter in end milling which decides the completion time 

of the product. Machining time is a good predictor of the productivity rate in industries. The 

prediction of machining time is helpful to the estimation of delivery time, process planning 

and manufacturing cost of products in industries [15]. When machining time is decreased 
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the machining cost decrease and the production rate increases. The prediction of machining 

time is essential to ensure the desired quantity in the end-milling process. 

1.3.3 Importance of tool life in end milling 

In the machining process, the tool is lost due to friction between the cutting tool and 

workpiece materials. Cutting tool life defines as the time between two successive reshaping 

process on cutting time. The tool life means how long the tool removes the material and 

provides accurate parts. So that, tool life is a very important parameter in the end milling 

process. Tool life depends on the selection of input variables like cutting speed, feed and 

depth of cut. In manufacturing industries, the tool life is measure as how many quality parts 

produce before a tool change resharp. If tool life is known with help of prediction model, 

then a change of tool before its failure during the machining operation is possible in 

industries. The optimum combination of end milling process parameters are helpful to 

increase the tool life. Thus, an effective model to predict the tool life is essential. 

1.3.4 Importance of tangential cutting force in end milling 

In cutting operation tangential cutting force, its monitoring during the machining process is 

very important because it is strongly correlated with its performance like tool wear, tool life, 

cutting temperature, power consumption and vibrations. The extreme tangential cutting force 

is harmful in end milling operations because it can produce poor surface finish, higher tool 

wear and dimensions unappropriated [14]. The cutting force in the Z direction is called 

tangential cutting force. The tangential cutting force uses to determine the power 

requirement also. The need for the prediction of tangential cutting force becomes important 

to reduce the tool failure, minimize machining costs and control the cutting process. Thus 

the model to predict tangential cutting force confirms the steadiness of end milling operation. 

1.3.5 Importance of torque in end milling 

The torque is defined as how much instant rotating force is generated at a spindle drive 

motor. More power consumes at the spindle and cutting tool during the cutting operation. 

The prediction of cutting torque helps to find out chatter-free regions of the milling process 

for planning purposes. Furthermore, it requires to optimize the cutting parameters to increase 

the tool life and better productivity, which are influenced by cutting torque. Thus, an 

effective model to predict the cutting torque is essential. 
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1.3.6 Importance of power in end milling 

Estimation of cutting forces use to determine machine power requirements. More power 

requires to remove more metal. The stiffness of the tool is compatible with the higher power 

and deflection is likely to occur. Power is an important factor when evaluating the correct 

machine tool for a specific application. When the metal removal rate increases, the power 

consumption also increases. The friction between workpiece and tool also affected on power 

consumption. The prediction of power consumption is required to decrease the machining 

cost, tool failure and technical problems of machining are caused by heating action. 

1.4 Artificial Intelligence techniques 

AI is the branch of science that deals with getting computers to do things, which at the time 

people do better. According to John McCarthy, AI is the science and engineering of making 

intelligent machines and especially intelligent computer program. AI is proficient by 

studying how the human brain thinks and learns while trying to solve a problem, and then 

using the results of this study as a source for developing intelligent software and systems. 

AI uses in various fields like engineering, medical, speech recognition, vision systems, 

gaming, natural language processing, expert systems, etc. The utilization of AI techniques 

increases with the appreciation of its potential to solve complex problems. The AI techniques 

covered rule-based systems, artificial neural networks, genetic algorithms, swarm 

intelligence, fuzzy system, reinforcement learning, hybrid systems, case-based reasoning, 

cellular automata, multi-agent system, etc. [11]. In this research two, most common artificial 

intelligence techniques such as ANN and multi objective genetic algorithm have been used 

for the prediction of responses and multi objective optimization of end milling process 

parameters respectively. 

1.5 Artificial neural network 

The artificial neural network is the branch of Artificial Intelligence [8]. ANN is based on 

our present understanding of biological nervous systems. ANN are electronic models based 

on brain neural structure. The brain learns from experience. These artificial methods of 

computing are thought to be an advancement in the industry. Even animal brain powers are 

capable of functions that are currently difficult for computers [7]. The cell is the most basic 

element of the human brain. This type of cell is the only part that provides us with our 

abilities to think, remember and apply previous experiences to each action. These cells, all 
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100 billion of them, are known as neurons. Each of these neurons is connected with about 

1,000 - 10,000 connections [7]. The power of the human mind comes from the absolute 

numbers of these basic components and the multiple connections between them. Like a 

human brain, the computational units of the artificial neural network are also termed as 

neurons that are interconnected together. According to the availability of the data set and the 

target values, it associates the patterns and learns them. In the form of patterns, the brains 

store the information. This process of storing information as patterns, utilizing those 

patterns, and then solving problems encompasses a new field in computing. This field, as 

mentioned before, does not utilize traditional programming but involves the formation of 

tremendously equivalent networks and training the networks to solve specific problems. The 

application of ANN include engineering, medical, sound and speech recognition, 

identification of military target and passenger suitcases, forecasting of market trends and 

weather, process control, aircraft control systems, automobile automatic guidance system, 

banking, signal identification, defense, code sequence prediction, machine vision, predict of 

responses in industrial processes, Policy application evaluation, product optimization, 

manufacturing process control, telecommunication, transportation, etc.[9]. 

1.5.1 Working of artificial neurons  

The fundamental processing element of a neural network is a neuron. This building block of 

human awareness encompasses a few general capabilities. Basically, a biological neuron 

receives inputs from other sources, combines them in some way, performs a generally 

nonlinear operation on the result, and then outputs the final result. All natural neurons have 

the same four basic components. These components are known by their biological names - 

dendrites, soma, axon, and terminal buttons. Fig. 1.2 shows the relationship between these 

four parts. Dendrites are hair-like extensions of the soma which act like input channels. 

 

FIGURE 1.2 Neuron Structure [6] 
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The spot, which connect the dendrite and axon is called synapses. These input channels 

receive their input through the synapses of other neurons. The soma then processes these 

incoming signals over time. The soma then turns that processed value into an output which 

is sent out to other neurons through the axon and the synapses [6]. The fundamental 

demonstration of an artificial neuron is shown in Fig. 1.3 with their functions.  

 

FIGURE 1.3 A Basic artificial neuron [10] 

Different inputs to the network are indicated with X1, X2, X3…Xn. Each of these inputs is 

directly fed into the network and multiplied by a connection weight like W1, W2, W3…Wn. 

The network summation function and transfer function have been used as a processing 

elements and produce the final results. The structure of the neural network is shown in Fig. 

1.4. Neural networks are the clustering of neurons. In clustering, several layers are connected 

to each other’s and solve real-life problems. 

 

FIGURE 1.4 A Simple Neural Network Diagram [10] 
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The neural network is split into three layers like input, hidden and output layers. Each layer 

helps us to solve our problem. The input layer receives the input and the output layer 

provides the output. The connections between these layer's summation and transfer functions 

consist of the functioning of the neural network [9]. 

1.5.2 Components of neural network 

This section mention the components of the neural network uses for input, output, and hidden 

layers. 

 Weighting factors  

A neuron receives multiple inputs. Each input has its own importance and weight which is 

effective on the processing element in the summation function. These weights perform the 

same type of function as do the varying synaptic strengths of biological neurons. In both 

cases, some inputs are made more important than others so that they have a more effect on 

the processing element as they combine to produce a neural response. Weights are adaptive 

coefficients that determine the intensity and strength of the input signal as registered by the 

artificial neuron. These strengths can be modified in response to various training sets and 

according to a network's specific topology or through its learning rules. 

 Summation function  

The first step in a processing element's operation is to compute the weighted sum of all of 

the inputs. This summation function is found by multiplying each component of the input 

vector by the corresponding component of the weight vector and then adding up all the 

products. The summation function is difficult than just the simple input and weight sum of 

products. The input and weighting coefficients can be combined in many different ways 

before passing on to the transfer function. In simple product summing, the summation 

function can select the various algorithms. The particular algorithm for linking the neural 

inputs is determined by the chosen network architecture.  

 Transfer function  

The result of the weighted sum is transformed into a working output through an algorithmic 

process known as the transfer function. In the transfer function, the summation total can be 

compared with some threshold to determine the neural output. If the sum is greater than the 

threshold value, the processing element generates a signal. If the sum of the input and weight 

products is less than the threshold, no signal is generated. Both types of responses are 

significant. The threshold or transfer function, is generally non-linear. The transfer function 

depends upon the result of the summation function is positive or negative.  
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 Scaling and limiting 

After the transfer function, the result can pass through additional processes that scale and 

limit. In scaling simply transfer values multiply with the scale factor and add the offset. 

Limiting is the mechanism which assures that the scaled result does not exceed an upper or 

lower bound. This limiting is in addition to the hard limits that the original transfer function 

may have performed.  

 Output function 

Each processing element is allowed one output signal which it may output to hundreds of 

other neurons. Normally, the output is directly equivalent to the transfer function's result. 

Some network topologies, however, modify the transfer result to incorporate competition 

among neighboring processing elements. Neurons are allowed to compete with each other, 

inhibiting processing elements unless they have great strength. Competition can occur at one 

or both of two levels. First, competition determines which artificial neuron will be active, or 

provides an output. Second, competitive inputs help determine which processing element 

will participate in the learning or adaptation process. 

 Error function and back-propagated value  

In this neural network calculate the difference between the current output and the desired 

output. Error function has been used for transforming the error to match particular network 

architecture. The artificial neuron's error is then typically transmitted into the learning 

function of another processing element. This error term is known as a current error. 

The current error is typically propagated backward to a previous layer. Yet, this back-

propagated value can be either the current error, the current error scaled in some manner 

based on the types of network. Normally, this back-propagated value, after being scaled by 

the learning function, is multiplied against each of the incoming connection weights to 

modify them before the next learning cycle. 

 Learning Function 

The purpose of the learning function is to modify the connection weights on the inputs of 

each processing element according to the types of algorithms. This learning mode changes 

the weights of the input connections for the achievement of the desired result. There are three 

types of learning: supervised, unsupervised and reinforcement. In supervised learning input 

and output, both data are provided.  In unsupervised learning, the network is provided only 

input but not with the desired output. Reinforcement learning is built on observation. The 

neural network gives a decision based on observation. If the observation is negative, the 
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network adjusts its weights to be able to make a different required decision the next time. 

[10].    

1.6 Genetic algorithm 

Genetic algorithm (GA) are stochastic search techniques that work based on genetic and 

natural selection. John Holland developed a genetic algorithm in 1970. It is a population 

based technique to solve linear and nonlinear problems in various fields. GA follows the 

principle of survival of the fittest given by Charles Darwin. The set of strings with an infinite 

length in each bit in data processed by GA is called a gene. A selected number of strings are 

called population and the population at a given time is known as a generation. Each string is 

an applicant solution. According to the principle the fittest individual of the population is 

reproducible and survive to the next generation. In GA three main operators are 

reproduction, crossover and mutation which uses to create a new population [16]. The 

achieved new population is additionally evaluated and tested. After the acceptable solution 

iteration is stopped. The functions of genetic operators are as under: 

Reproduction 

Reproduction is the first operator, which applies to a population. In this process, individual 

strings are copied into a separate string called the mating pool regarding their fitness values. 

Once the string is selected for reproduction an extra copy of the string is made. The string is 

then entered into the mating pool and a tentative new population for further genetic operators 

comes into action. 

Crossover  

After reproduction, the population is enhanced with good strings from the prior generation 

but does not have any new strings. A crossover operator is applied to the population to 

positively create superior strings. The total number of participative strings in the crossover 

is controlled by crossover probability, which is the ratio of total strings selected for mating 

and the population size. The crossover operator is mainly responsible for the search aspects 

of GA.  

Mutation  

The mutation is applied to individual solutions after the cross-over operator, where genes 

are randomly changed in a string with a small probability to create a new string. This operator 

aims to maintain the diversity of the population and increase the possibility of not losing any 

potential and find the global optimal solution.  
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CHAPTER: 2 

LITERATURE REVIEW 

This chapter represents the literature review of the current research in the area of 

optimization of end milling process parameters using various techniques. The literature 

review gives a strong establishment for the current investigation and may reveal its 

importance for future exploration also.  

2.1  Review of Literature 

This literature review gives the information about effects of various input parameters on 

response parameters for end milling operation. The literature review has been classified 

based on the various methodology used for end milling process parameters as described 

below: 

 Grey Taguchi method 

 Response surface methodology and analysis of variance  

 Particle swarm optimization 

 Artificial neural network 

 Simulated annealing 

 Genetic algorithm 

 fuzzy logic system 

 Others prediction methods 

2.1.1 Grey Taguchi method 

C. C. Tsao (2009) has used the grey–Taguchi method for A6061P-T651 aluminum alloy and 

optimized the milling parameters. In this study grey relational analysis (GRA) has been used 

as the performance characteristic. In this technique the “smaller is better” is the expected 

significance for flank wear and surface roughness. The flank wear has been reduced from 

0.177 mm to 0.067 mm and the surface roughness has been reduced from 0.44 μm to 0.24 

μm through the grey Taguchi method [17]. 
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Sanjit Moshat et al. (2010) have solved multi-objective optimization problems using the 

Taguchi method coupled with grey relational analysis for end milling operation. The Entropy 

measurement technique has been used for the estimation of quality and performance 

attributes. Each response weight has been calculated regarding to its priority. This study 

achieved a good surface finish and high material removal rate to improve the quality and 

productivity [18].  

Emel Kuram et al. (2013) have investigated the effect of input variables such as spindle 

speed, feed per tooth and depth of cut on cutting force, surface roughness and tool wear. A 

scanning electronics microscope has been used for the inspection of tool and surfaces of 

workpieces. Micro-milling of aluminum material through the ball nose end mill has been 

explored here. During the experiment abrasive and adhesion tool wear have been observed. 

Data has been collected through experimentation and it has been utilized for model 

formulation to the prediction of responses. ANOVA has been used for determining the effect 

of input parameters on responses. Responses have been optimized through the gray relational 

analysis. It has been concluded that the minimizing value of tool wear has been achieved 

with 10,000 rpm spindle speed, 0.5 µm/tooth feed per tooth and 50 µm depth of cut. Spindle 

speed and depth of cut have been more significant parameters for tool wear. Surface 

roughness decreased with the spindle speed increase, feed per tooth and depth of cut are 

decreased. Minimum surface roughness and tool wear have been found with 10,000 rpm 

spindle speed, 0.5 mm/tooth feed rate and 50 mm depth of cut [19].  

J.S. Pang et al. (2014) have used Taguchi optimization methodology for optimizing end 

milling process parameters. Halloysite nanotubes with Aluminium reinforced epoxy hybrid 

composite material has been used for end milling operation under dry conditions.  

 

FIGURE 2.1 Surface roughness and S/N ratio effects for each control factors [20] 
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The responses such as surface roughness and cutting force have been measured using various 

input variables such as cutting speed, feed rate and depth of cut. For surface roughness and 

cutting force, three optimal combinations of cutting factor is shown in Fig. 2.1 and Fig. 2.2. 

It has been concluded that the Taguchi method gives the best combination of input variables 

for the lowest surface roughness and cutting force value.  

 

FIGURE 2.2 Cutting Force and S/N ratio effects for each control factors [20] 

The taguchi method gives the combination of 150 rpm cutting speed, 60 mm/m feed rate and 

0.4 mm depth of cut for lowest surface finish and 1000 rpm cutting speed, 40 mm/m feed 

rate and 0.6 mm depth of cut for lowest cutting force [20]. 

N. Naresh et al. (2014) have determined the optimum combination of milling parameters 

using the Grey-Taguchi method for minimum surface roughness. In this investigation, glass 

fiber reinforced plastics (GFRP) composites material has been used because it is utilized in 

many sectors such as automotive, aircraft and the manufacture of space ships. The fiber 

orientation angle, helix angle, feed rate and spindle speed are considered as input variables 

and surface roughness and delamination factor as a response variables. Taguchi’s L27 array 

has been developed for experimentation. Based on performance characteristics signal-to-

noise (S/N) ratio has been determined.  A grey relation grade has been achieved based on 

the S/N ratio. Grey relational grade gives the optimum levels of input variable which is 

recognized by response table and graph. Grey relational analysis for GFRP composites 

determines the combination of 105° fiber orientation angle, 45° helix angle, 2,000 rpm 

spindle speed and 0.12 mm/rev feed rate for the best value of responses [21]. 

Abhishek Kumbhar et al. (2015) have investigated on CNC end milling operation with 

various parameters and found out optimum cutting conditions for stainless steel 304. 

Taguchi method has been adopted for the design of the experiment and generates an L9 
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orthogonal array for experimentation. Surface roughness and material removal rate have 

been selected as responses and cutting speed, feed rate and depth of cut selected as input 

variables. The grey relational analysis has been used for multi objective optimization. The 

grey relational analysis gives the optimum cutting combination values 75 m/min cutting 

speed, 0.15 mm/rev feed and 1.5 mm depth of cut shown in Fig. 2.3. From the confirmatory 

test surface roughness decreased up to 24.86 % and in material removal rate increase up to 

23.99 %. It has been concluded that taguchi based grey relational analysis is an effective tool 

for multi objective optimization [22]. 

 

FIGURE 2.3 Main effect plot for grey relational grade (GRG) [22] 

M. K. Pradhan et al. (2015) have used taguchi based grey relational and principal component 

analysis (G-PCA) for optimization of end milling process parameters for Al 6061 alloy. The 

input parameters such as spindle speed, depth of cut and feed rate have been used in this 

research. The surface quality and material removal rate have been considered as output 

parameters. Taguchi L27 orthogonal array has been used for the design of experimentation. 

Grey Relational Analysis and Principal Component Analysis have been used for 

optimization and weight selection of each factor respectively. The best combination has been 

selected through the highest value of grey relational grade. It revealed that Taguchi-based 

G-PCA is effectively used for the optimization of end milling operation [23]. 

Hemantsinh Pratapsinh Rao et al. (2017) have found the effects of cutting speed, feed and 

depth of cut on surface roughness and material removal rate for end milling operation. 

Taguchi method has been adopted for the design of the experiment. Aluminium 6061 alloy 

and carbide were selected as a workpiece and tool material respectively. It has been 
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concluded that surface roughness and material removal rate are mainly affected by cutting 

speed and depth of cut [24]. 

K. Arun Vikram et al. (2016) have investigated on effect of cutting parameters on surface 

roughness and tool vibrations for orthogonal and tangential turn-milling processes. Cutter 

speed, feed rate and depth of cut have been considered as input parameters. The experiment 

has been conducted based on Taguchi’s orthogonal array. Laser doppler vibrometer (LDV) 

used for capturing of acousto-optic emissions and vibsoft analyzer used for the analysis of 

tool shank vibrations. Fast Fourier transforms (FFT) has been used for vibration diagnosis 

and monitoring of machine tool conditions. Vibration prognostics completed using Failure 

mode and effective analysis (FMECA) based on ISO standards. Tangential turn-milling 

produces a better surface finish over orthogonal turn-milling [25]. 

Reddy Sreenivasulu et al. (2019) have investigated the effect of input parameters on surface 

roughness for end milling operation. Grey based Taguchi approach integrated with entropy 

measurement has been used for glass fiber reinforced polymer matrix composite for 

optimization. Up to required level optimized surface quality characteristics and performance 

index concurrently [26].  

Nuraini Lusi et al. (2020) have optimized end milling process parameters for minimum 

surface roughness and maximum material removal rate for ASSAB-XW 42. Cutting speed. 

feed, depth of cut and cutting fluid have been considered as input variables. Taguchi method 

has been used for achieving signal-to-noise ratio and is utilized for Grey relational analysis 

for multi-response optimization. Predicted values of input variables have been found using 

Grey Relational Grade. The optimal values of responses were achieved with soluble oil, 

cutting speed of 5.13%, feeding speed of 39.8%, and depth of cut of 30.52% [27].  

M. Bhuvanesh Kumar et al. (2020) have investigated the effect of the input variable of end 

milling process for maximum MRR, minimum surface roughness and cutting force of 

Al7075–ZrO2–C metal matrix composites. The experiment has been carried out based on 

taguchi L27 orthogonal array and ANOVA used for the analysis of responses.  Spindle 

speed, feed rate, and depth of cut have been considered as input variables. Optimum cutting 

condition finds out using grey relational analysis. A combination of spindle speed of 1500 

rpm, feed rate of 0.1 rev./mm, and depth of cut of 0.1 mm have identified process parameters 

and it has been verified experimentally. Cutting speed and feed are the most effective 

variable on cutting force and surface roughness [28]. 
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Lohithaksha M Maiyar et al. (2013) have used grey relational analysis for optimization of 

end milling process parameters for Inconel 718 super alloy. Surface roughness and material 

removal rate have been considered as a response and cutting speed, feed rate and depth of 

cut as a process variables. Taguchi L9 array was used for the design of experiment. A grey 

relational grade has been obtained based on grey relational analysis. The most significant 

factor has been achieved through ANOVA. It has been concluded that cutting speed and feed 

rate is the most substantial cutting parameters, which affect on multi performance 

characteristics [29]. 

Junxue Ren et al. (2018) have used grey relation analysis for the optimization of tool 

geometrical variables such as helix angle, primary relief angle and rake angle. Gamma 

titanium aluminide alloys have been selected for this investigation. Cutting force, tool wear 

and surface roughness have been selected as the assessment criterion. The most significant 

factor has been determined using the ANOVA. They find out the effect of cutting tools on 

responses. It has been concluded that the Uncoated K44 carbide tool is the best tool for the 

selected material. The optimum condition achieved for minimum surface roughness and tool 

wear is 60° of helix angle, 14° of rake angle, 8° of primary relief angle. Primary relief angle 

and helix angle have the most effective variable on responses [30]. 

2.1.2 Response surface methodology and analysis of variance 

N. Suresh Kumar Reddy et al. (2005) have made investigated on the effect of input 

parameters like radial rake angle, nose radius, cutting speed and feed rate on the machining 

performance during end milling of medium carbon steel. First, the experimental work has 

been conducted and a second mathematical model has been developed for the prediction of 

surface roughness using response surface methodology (RSM). This model has been 

validated using the Chi-square test. Analysis of variance utilized to find the effect of input 

variable on surface roughness. Optimum cutting condition achieved by Genetic algorithm 

for minimum values of surface roughness [31].  

R. Arokiadass et al. (2012) have investigated machining characteristics of LM25 Al/SiCp 

material for end milling operation. The mathematical model has been developed to find the 

relationship between input variables and responses. Response surface methodology and 

ANOVA have been used for the prediction of tool flank wear of end milling for LM25 

Al/SiCp. Central composite has been used for experimentation. The developed model was 
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effectively utilized for the prediction of the tool flank wear. It has been concluded that 

minimum tool flank wear is 0.1102 mm achieved with an optimum combination of 

2034.6084 rev./min spindle speed, 0.0214 mm/r feed rate, 0.5893 mm depth of cut and 5% 

content of  SiCp. The content of SiCp and spindle speed have been more influenced and the 

depth of cut has been fewer influences on tool flank wear for end milling operation [32]. 

D S Sai Ravi Kiran et al. (2013) have developed a statistical model for solving the multi-

response problem using response surface methodology and ANOVA. The response 

parameters have been taken as tool life and machining cost while the input parameters are 

cutting speed, feed rate and depth of cut. The experiment has been conducted based on the 

design of the experiment. Stainless steel and solid carbide flat end mill selected as workpiece 

material and cutter respectively. The full factorial design has been used for factor and level 

combination with Minitab V15 software. It has been concluded that cutting speed and depth 

of cut have been significant parameters that influence on tool life. A comparison between 

experimental and prediction values is shown in Fig. 2.4 [33]. 

 

FIGURE 2.4 Comparison between Experimental and Predicted Values [33] 

Shilpa B.Sahare et al. (2017) have optimized the cutting condition for minimum surface 

roughness and maximum material removal rate of the end milling process. Cutting speed, 

feed per tooth and depth of cut have been considered as input variables. The experiment has 

been carried out on AL2024 material with dry, wet and different flow rate conditions. A 

mathematical model has been developed using ANOVA. The S/N ratio gives the optimum 

condition of process parameters shown in Fig. 2.5. It has been revealed that predicted results 

are in good agreement with experimental results. The optimal lubricant technique has been 

obtained better performance compare to dry conditions. The lubrication flow acting a major 

role in machining cost, health issues and reducing the pollution [34]. 
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FIGURE 2.5 Main effect plot for the signal to noise ratio [34] 

Gianni Campatelli et al. (2014) have optimized the end milling process parameters to 

minimization of power consumption. Cutting speed, feed rate, axial and radial depth of cut 

have been evaluated. Based on a prior study dry lubrication approach has been applied. 

Response surface methodology has been used for analysis. They studied some end milling 

machine characteristics behavior during the operation for power consumption. The 

developed model achieved a lower environmental footprint for increasing the MRR with 

selected cutting speed, feed rate and chip section[35]. 

M. Subramanian et al. (2013) have developed a statistical model for the prediction of the 

vibration amplitude. Cutting speed, feed rate, axial depth of cut, radial rake angle, and nose 

radius of the cutting tool have been considered as input variables. For experimentation 

aluminum (Al 7075-T6) and high-speed steel have been considered as workpiece and tool 

material respectively. Vibration amplitude has been measured using two channel 

piezoelectric accelerometers. Response surface methodology used for experimental design. 

The second-order mathematical model and ANOVA have been used for prediction as well 

as verification of model capabilities. The optimal combination is 12˚ of Radial rake angle, 

0.8 mm of  Nose radius, 115 m/min of Cutting speed, 0.04 mm/tooth of feed rate, 2.5 mm 

achieved of the axial depth of cut for a minimum of vibration amplitude.  It has been revealed 

the value of vibration amplitude achieved by this model is very Nearby to the experimental 

result [36]. 

I.A. Daniyan et al. (2021) have focused on process design and optimization. Response 

surface methodology has been used to find out the correlation of end milling process 

parameters in terms of optimization. The experiment has been conducted on the 
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DMU80monoBLOCK Deckel Maho 5-axis CNC milling machine. AA6063 T6 aluminum 

alloy and SF550 HRC30-HRC40 have been considered as a workpiece and cutting tool 

materials respectively. The mathematical and optimization model has been developed based 

on numerical values and Physical experiment results. The value of 0.525502 m3/min of 

material removal rate was achieved with the combination of 150 m/min of Cutting speed, 2 

mm/min of feed rate and 0.01 mm of the depth of cut. It has been concluded that analysis of 

power consumption and actual cutting energy during the machining process improves the 

general sustainability of the process of manufacturing [37]. 

M. Jebaraj et al. (2019) have investigated on effect of input variables on responses for end 

milling operation on Al 6082-T6 alloy. Cutting speed, feed rate and cooling environment 

have been selected as input variables and temperature, surface roughness and cutting forces 

have been selected as responses. Technique for order preference by similarity to ideal 

solution (TOPSIS) and ANOVA have been used for statistical analysis. It has been 

concluded that the optimum combination of wet cooling conditions, 125 m/min of cutting 

speed and 0.02 m/tooth of feed rate gives a good performance of end milling operation. The 

cooling environment is a more effective input variable for milling performance shown in 

Fig. 2.6 [38].  

 

FIGURE 2.6 Effect of input variable on End milling performance [38] 

2.1.3 Particle swam optimization 

C. Prakasvudhisarn et al. (2009) have achieved optimum cutting conditions for desired 

surface roughness and increased productivity concurrently. Support vector machines and 

particle swarm optimization have been used for modeling and optimization of cutting 
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parameters respectively. This coupled methodology is effective and efficient for achieving 

the desired surface roughness and maximizing the productivity [39].  

Masoud Farahnakian et al. (2011) have worked on polyamide-6/nanoclay (PA6/NC) nano 

composite material for end milling operation. Developed particle swarm optimization-based 

neural network (PSONN) for optimization of response parameters. In this study, they find 

out the effect of machining parameters such as spindle speed, feed rate and nanoclay (NC) 

content of PA6/NC on surface roughness and cutting forces. Cutting force and surface 

roughness with nanoclay contents at different spindle speeds with 0.03 mm/rev. feed rate are 

shown in Fig. 2.7. 

 

FIGURE 2.7 Cutting force and surface roughness with nanoclay contents [40] 

The result of PSONN has been compared with conventional neural network and good 

agreement has been found for selected responses. It has been concluded that surface 

roughness decrease when cutting speed increase and feed rate decrease and cutting force 

decrease when feed rate decrease. Nanoclay adds to the PA-6 considerably cutting force 

decrease but not found any effect on surface roughness [40]. 

F. Cus et al. (2009) have used neural network and Particle swarm optimization (PSO) for 

prediction and optimization for end milling operation respectively. The experimental results 

indicate that the MRR has been increased up to 28% and the Machining time decreased by 

up to 20%. PSO has been an effective optimization technique for nonlinear optimization 

problems. PSO flow chart is shown in Fig. 2.8 [41]. 



Literature Review 

24 

 

 

FIGURE 2.8 Particle swarm optimization algorithm [41] 

Rajeswari Sridhar et al. (2019) have used particle swan optimization for the optimum 

combination of geometrical parameters such as nose radius, helix angle, rake angle and 

machining parameters such as cutting speed, feed rate and depth of cut for minimum 

vibration of amplitude for end milling operation. For experimentation, Al 356/silicon carbide 

particulate metal matrix composite and high-speed steel material have been selected for 

workpiece and cutter tool respectively. L27 orthogonal array was generated for the design 

of the experiment. Two-channel piezoelectric accelerometers have been used for the 

measurement of amplitude vibration. PSO has been developed for achieving minimum 

acceleration amplitude based on an empirical regression model.  PSO convergence plot for 

vibration at channel I and channel II are shown in Fig. 2.9 and Fig. 2.10. 

 

FIGURE 2.9 PSO for vibration at channel I [42] 
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The minimum value of vibration has been achieved with 2.5 m/s2 in the axial direction, 

0.0785 m/s2 in the feed direction at the optimal combination of input parameters [42]. 

 

FIGURE 2.10 PSO for vibration at channel II [42] 

Liang gao et al. (2012) have determined the cost, processing time and quality for higher 

accurate machining and solved nonlinear optimization problem with given constraints. They 

utilized constraints handling strategies and cellular particle swarm optimization for the 

optimization of multi pass milling operation. In this case study problem is solved and prove 

the effectiveness of cellular particle swarm optimization algorithm. The results achieved 

through experimentation are analyzed and compare with previous algorithm and cellular 

particle swarm optimization algorithm. It has been revealed that this technique is effective 

and novel for optimization of multi pass milling process parameters [43].  

Thanongsak Thepsonthi et al. (2012) have investigated on micro end milling operation for 

titanium-based alloy. Statistical model and particle swarm optimization have been used for 

achieving the optimum condition for minimum surface roughness with minimum burr 

formation. Ti-6Al-4V titanium alloy has been used for experimentation. It has been revealed 

that particle swarm optimization is a successful approach for the selection of multi criteria 

process parameters. Feed rate is more affected on surface roughness and axial depth of cut 

producing higher burr formation [44]. 
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2.1.4 Artificial neural network 

Kurapati Venkatesh et al. (1997) have used an artificial neural network for tool wear 

monitoring. In this work Cutting velocity, feed, cutting force and machining time have been 

considered as input parameters. ANN model was developed and trained for the prediction of 

tool wear [45]. 

Jie-Ren Shie et al. (2006) have used an artificial neural network and the Sequential Quadratic 

Programming method for optimization of cutting parameters of high-purity graphite under 

dry machining conditions. The response parameters are tool wear and the surface roughness 

and input variables are cutting speed, feed rate and depth of cut of the end milling process. 

The typical neural network is shown in Fig. 2.11 with input neurons, hidden neurons and 

output neurons. The artificial neural network model gives better results than the traditional 

methods [46]. 

 

FIGURE 2.11 Neural network with neurons [46] 

C. P. Jesuthanam et al. (2007) have developed a hybrid Neural Network model with a genetic 

algorithm and particle swarm optimization for the prediction of surface roughness. Surface 

roughness is a very important responsibility in machining operation which depends upon 

different machining parameters. Prediction of surface roughness is a challenging task in 

manufacturing industries. This hybrid neural network model has been efficient over the 

simple neural network model [47]. 

Amir Mahyar Khorasani et al. (2011) have used the Taguchi method and artificial neural 

network for the prediction of tool life in the face milling operation of 7075 Aluminum. 

Cutting speed, feed rate and depth of cut are considered as input variables. The main purpose 

of this study is to find the effect of input variables on tool life. In the first stage, the taguchi 

method has been used for the design of experiment which gives the factor and level 
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combination for experimentation.   In the second stage, the ANN model has been developed 

for the prediction of tool life. It has been concluded that ANN results match with the 

experiment very well. The correlation has been achieved 0.96966 for training and 0.94966 

for the testing dataset. The mean square error has been 3.1908% for testing data [48]. 

Abdel Badie Sharkawy et al. (2014) have investigated on different three types of intelligent 

techniques such as radial basis function neural networks, adaptive neuro-fuzzy inference 

systems and genetically evolved fuzzy inference systems for numerical identification of end 

milling operation and surface roughness prediction. The spindle speed, feed rate and depth 

of cut have been considered as input variables. In this work, the experiment has been 

performed on 6061 aluminum alloy. All three networks have been developed using this 

experimental data. The trained model was validated through previously published results 

and found the best network for surface roughness prediction. The radial basis function neural 

networks, adaptive neuro-fuzzy inference systems, and genetically evolved fuzzy inference 

systems predict the surface roughness with root mean square (RMS) error of 2.95%, 3.47% 

and 3.32%.  It has been concluded that the radial basis function neural network is the most 

effective for the prediction of surface roughness [49]. 

Dimple Rani et al. (2014) have developed artificial neural systems for the prediction of 

surface roughness. They studied the effect of cutting parameters on surface roughness and 

discover the best cutting parameters and get minimum surface roughness for end milling 

operation. Taguchi L9 orthogonal array has been used for experimentation. The experiment 

has been conducted for the end milling operation of AISI D2 steel with a carbide tool with 

a specific combination of cutting speed, feed and depth of cut. A surface roughness tester 

has been used for the measurement of surface roughness. The neural network model has 

been developed using MATLAB software through the training data set. It has been 

concluded that surface roughness decreases with speed increases and surface roughness 

increases with feed increases. Taguchi method is a systematic approach that gives an 

effective combination of cutting parameters and ANN is efficiently and effectively predicts 

the surface roughness. It implements in the industry to reduce the cost and improve the 

quality [50].    

Girish Kant et al. (2015) have investigated on energy consumption during the machining 

operation. The artificial neural network has been developed for the prediction of energy used 

in cutting operations for sustainable performance characteristics. The experiment has been 
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conducted to determine the capability of the ANN model. During the verification of the ANN 

model, 1.50% mean relative error has been found which indicates the accuracy of this model. 

It has been revealed that the ANN model is effective in the prediction of energy used during 

the machining process. [51].  

Fathi Robbany et al. (2019) have determined appropriate optimization techniques to find out 

machining parameters that produce minimum cutting force and small delamination for 

carbon fiber reinforced polymer. In this study spindle speed, cutting speed and depth of cut 

have been considered as input parameters and cutting force and delamination has responses. 

The backpropagation neural network has been used for the prediction of end milling process 

parameters. A good correlation has been found between the backpropagation neural network 

prediction results and experimental data. The value of the correlation coefficient is 0.9777 

and the average error is 6.253% and 0.734% for cutting force and delamination prediction 

respectively [52]. 

 

Fajar Perdana Nurullah et al. (2019) have investigated on the effect of input variables like 

spindle speed, feed rate and depth of cut on responses like surface roughness and 

delamination of CFRP composite materials for end milling operation. The full factorial 

design has been used for design of experiment (DOE). Back Propagation Neural Network 

has been used for the prediction of surface roughness and delamination. It has been 

concluded that the backpropagation neural network model gives the predicted value of 

2.49% of mean squared error (MSE) and 0.987 of regression coefficient [53]. 

Alvar Arnaiz-Gonzalez et al. (2016) have used two types of neural networks such as 

multilayer perceptron and radial basis functions for the prediction of dimensional error of 

ball end mill operation. The radial basis function for prediction is better than the multilayer 

perceptron in all cases. For 10×10 cross-validation, 1.83 μm in root mean squared error and 

0.897 correlation coefficient have been found. In this study, root means square error and 

coefficient of determination have been chosen to evaluate the effectiveness of the ANN 

models. Fig. 2.12 indicates the results of the tested ANN model with varying hidden layers 

in multilayer perceptron and neurons for Radial basis functions. It has been concluded that 

radial basis functions is more effective than multilayer perceptron [54]. 
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FIGURE 2.12 ANN results with various hidden layers in multilayer perceptron and radial basis 

functions [54] 

S. Ajith Arul Daniel et al. (2019) have used ANN and Taguchi grey relation analysis to 

optimize the input variables like cutting speed, feed, depth of cut, mass fraction and particle 

size of SiC for the milling process of Al5059-SiC-MoS2. Taguchi-based grey relational 

analysis has been used to find out the optimum combination of input variables for maximum 

MRR and minimum surface roughness, temperature and cutting force in dry milling 

operation. ANN has been used for the prediction of response variables. It has been revealed 

that surface roughness, cutting force, temperature decrease and MRR increase when the 

particle size of the composites increases. ANN has a more significant tool than a regression 

tool. Size of SiC, depth of cut and feed rate are most affected on output responses [55]. 

Chakradhar Bandapalli et al. (2017) have used an artificial neural network, multiple 

regression analysis and Group method data handling for the prediction of surface roughness. 

For experimental investigation spindle speed, depth of cut and feed rate have been selected 

as input variables. It has been revealed that spindle speed is the most significant parameter 

on surface roughness. The results of ANN is accurately matched with experimental results. 

ANN gives the best prediction results of surface roughness than multiple regression analysis 

and Group method data handling [56]. 

 Gourhari Ghosh et al. (2017) have found the optimum combination of cutting variable 

minimum surface roughness for keyway milling of C40 steel in the universal milling 

machine. Surface roughness is selected as a response and spindle speed, depth of cut and 

feed rate have been considered as input variables. ANN and response surface methodology 
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have been used for the surface roughness model. Process parameter's effect on output 

parameter has been determined using the ANOVA. ANN model has been trained using 

gradient descent methods and back-propagation algorithm based on the Levenberg-

Marquardt algorithm separately. Compare the results acquired from the above two methods. 

It has been revealed that the back propagation algorithm based on the Levenberg Marquardt 

algorithm gave better output. ANN with GA and PSO has been used for minimum surface 

roughness with an optimum combination of cutting variables [57].   

2.1.5 Simulated annealing 

Azlan Mohd Zain et al. (2010) have applied simulated annealing for optimization of end 

milling process parameters. Determine the optimum cutting condition for minimum surface 

roughness. The radial rake angle of the tool, with cutting speed and feed has been selected 

as input variables in the end milling of Ti-6Al-4V. The regression model has been developed 

based on an experimental database. The fitness function of simulated annealing has been 

developed based on the regression model. Fig. 2.13 indicates the best fitness function values 

with a given iteration. 

 

FIGURE 2.13 Fitness function value at each iteration [58] 

The minimum surface roughness of 0.1385µm has been achieved with the highest cutting 

speed, highest rake angle and lowest feed rate. Simulated annealing gives the minimum 

surface roughness than regression model, experimental result and response surface 

methodology [58].  
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Aqeel Sabree Bedan et al. (2017) have determined the optimum cutting condition for 

minimum surface roughness for the end milling operation of aluminum alloy 9AA6061. 

Rotational speed, depth of cut and feed rate have been considered as input variables. Taguchi 

L9 orthogonal array was used for the design of experiment and ANOVA was utilized to find 

out the effective factor on surface roughness. Simulated Annealing has been used for the 

optimization of end milling process parameters. It has been concluded that the simulated 

annealing result agreed with the experimental result. The value of 0.073548 microns of 

surface roughness has been obtained with the combination of 562.188 rev/min of rotational 

speed, 0.247 mm/rev of feed rate, and 2 mm of cutting depth [59]. 

S. Kalidass et al. (2013) have used simulated annealing and ANN for optimization and 

prediction of tool wear respectively. Spindle speed, helix angle, feed rate and depth of cut 

have been selected as input variables, In this study, tool wear is considered as an output 

parameter. The full factorial design has been used for the design of experiment. For 

experimentation, AISI 304 austenitic stainless steel and uncoated solid carbide have been 

selected as a workpiece and tool materials respectively. ANN model is developed and trained 

based on experimental results. The optimum combination of end milling process parameters 

has been obtained through simulated annealing [60]. 

Muataz Hazza et al. (2015) have determined the optimum cutting condition for minimum 

flank wear and surface roughness of end milling operation. Response surface methodology 

and simulated annealing algorithm have been used for the development of mathematical 

model and optimization respectively. It has been concluded that simulated annealing 

achieved the combination of 200 m/min of cutting speed, 0.05 mm/tooth of feed rate and 

0.1mm of the depth of cut for a minimum value of 164 nm of surface roughness and 0.0379 

mm of flank wear [61].  

Venkatesh Mundada et al. (2018) have optimized the surface roughness values using ANN 

and simulated annealing algorithm. Cutting speed, feed rate, tool rake angle and nose radius 

have been selected as input machining variables. Response surface methodology has been 

used for the development of mathematical model based on experimental data. The response 

model has been developed using regression analysis and with available experimental data 

and it’s statistically validated. ANN result and simulated annealing algorithm result compare 

with experimental results and analyzed it. It has been concluded that the ANN approach is a 

good approach for the prediction of surface roughness for the milling process. Simulated 



Literature Review 

32 

 

annealing algorithm useful to find out best cutting condition for minimum surface roughness. 

The consequences show that in high cutting speed, lower feed rate and medium values for 

rake angle and nose radius gives optimum surface roughness [62]. 

Trung Thanh Nguyen et al. (2020) have used adaptive simulated annealing for optimization 

of end milling process parameters to improve the energy efficiency and power factor with 

minimum surface roughness. Cutting speed, feed and depth of cut have been considered as 

input variables. Radius basic neural network has been used for prediction purposes. Pareto 

front plot generated by adaptive simulated annealing is shown in Fig. 2.14 with an optimum 

point with blue color. They improve the energy efficiency is 22.61 % and the power factor 

is 26.47 % [63]. 

 

FIGURE 2.14 Pareto front by adaptive simulated annealing [63] 

2.1.6 Genetic algorithm 

Jitender K. Rai et al. (2011) have developed a GA-based model for optimization of input 

variables like axial depth of cut, radial immersion, feed rate and spindle speed for multi-tool 

milling operation of prismatic parts. Computer aided manufacturing software is used for 

generating preliminary process plans for milling operation. The developed process gives the 

optimum combination of machining parameters for given constraints.  It has been concluded 

that the developed GA-based milling machine optimization model effectively predicts the 

optimal machining parameters in manufacturing industries and increases productivity [64].  

V. S. Thangarasu et al. (2013) have established the relationship between input variables and 

responses like material removal rate and surface roughness. The prediction formula has been 
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developed through taguchi based response surface methodology. Multi objective genetic 

algorithm has been used for the Optimum cutting combination of Spindle speed, Feed rate 

and Depth of cut for maximum surface finish and material removal rate in CNC milling 

operation [65].  

Abdalla Alrashdan et al. (2014) have derived a cost function for multi objective optimization 

for end milling operation of AISI D2 steel. The main aim is to minimize cost based on 

surface roughness, electrical energy consumption and extra machining to get a better surface 

finish for machining operation. The genetic algorithm has been used for multi objective 

optimization and minimized the cost. Cutting speed, feed rate and depth of cut have been 

considered machining variables. The regression analysis has been utilized for model 

generation and the genetic algorithm has been utilized for optimization of the cost function 

for surface roughness, energy consumption and extra machining for better surface 

roughness. It has been concluded that the cost of extra machining decrease with optimum 

values of cutting speed and feed rate with a lower value of depth of cut [66]. 

Abraham Gilbert et al. (2015) have developed a method for minimizing the surface 

roughness and cutting force to make the end milling process more economic and productive. 

For experimentation HCHCr D3 grade steel has been selected as a work material. Taguchi 

method was used for factor and level combination and developed L9 array for 

experimentation. ANOVA has been used for the analysis of experimental results and to find 

out the most influencing cutting parameters. The mathematical model has been developed 

using Regression analysis and derived the mathematical equation. For multi objective 

optimization Genetic algorithm has been used with given constraints. It has been concluded 

that genetic algorithms find out the better combination of input variables for minimum 

surface roughness and cutting force respectively [67]. 

M.S. Najiha et al. (2015) have used multi objective genetic algorithm for optimization of the 

end milling operation with minimum quantity lubrication for AA6061T6. Response surface 

methodology and central composite design (CCD) of experiments have been used for 

modeling. Cutting speed, feed rate, axial depth of cut and the minimum quantity lubrication 

flow rate have been considered as input parameters.  The responses such as surface 

roughness, flank wear of the tool and material removal rate have been optimized. The 

optimum values of surface roughness (0.543 μm), flank wear (15.95 μm) and material 

removal rate (15173 mm3/min ) have been obtained with 5252 rpm, 311 mm/min feed rate, 
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3.47 mm depth of cut of and  0.44 ml/min minimum quantity lubrication flow rate. The 

importance of each input for responses is shown in Fig. 2.15 [68]. 

 

FIGURE 2.15 Importance of input variables for response  parameters [68] 

Jakeer Hussain Shaik et al. (2017) have found the effect of input parameters such as feed, 

cutting speed and axial depth of cut on surface roughness and amplitude of tool vibration for 

Al-6061. The experiment has been conducted based on response surface methodology using 

the Box-Behnken design. The genetic algorithm has been used for multi objective 

optimization to minimize the tool vibration amplitudes and work-piece surface roughness. 

The main effect of the input variable on responses is shown in Fig. 2.16. The correctness of 

the genetic algorithm is additionally validated through the trained radial basis neural network 

[69].   

 

FIGURE 2.16 Main effect plot for the amplitude of vibration and surface roughness [69] 
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Lirong Zhou et al. (2018) have concentrated on energy consumption and global resources 

depletion in manufacturing operations. Genetic algorithm has been used for multi objective 

optimization for minimum energy consumption and processing time with constraints of tool 

life, surface roughness processing capacity of machine tool and wasted plowing energy [70]. 

V.S.Kaushik et al. (2018) have focused on temperature rise during end milling cutting 

operation because it affected on tool life, tool deflection, vibration, cutting force and quality 

of the machined parts. The statistical model has been developed based on cutting speed, feed 

rate, depth of cut, radial rake angle and helix angle under dry conditions. For the 

experimentation, aluminum Al7068  and high-speed steel have been selected as a workpiece 

material and end mill cutter respectively. A pyrometer has been used for the measurement 

of temperature. Response surface methodology and ANOVA have been used for the 

execution of experiments and influence of process parameters on temperature rise 

respectively. The genetic algorithm has been used to optimize the process parameter to less 

rise of temperature. The genetic algorithm obtained a combination of 43° of helix angle, 20° 

radial rake angle 90m/min of spindle speed, 0.02 mm/tooth of feed rate and 2 mm of the 

axial depth of cut for less temperature of 0.5468 °C [71]. 

2.1.7 Fuzzy logic system 

Wei Zhao et al. (2015) have developed Fuzzy comprehensive evaluation (FCE) models for 

the evaluation of cutting performance of end mills for machining operation of titanium 

aircraft components. Structural characteristics and material properties of cutting tools have 

been important for the machining of titanium aircraft elements. A test benchmark with usual 

hard cutting features removed from aircraft elements has been designed for the machining 

process. FCE models considered the material removal rate, tool wear, surface roughness and 

dimensional error were produced for rough and finish end milling operation 

correspondingly. Experiments of benchmark have been conducted and Fuzzy comprehensive 

evaluation models have been applied to the evaluation of the performance of end milling 

operation. It has been concluded that FCE models are effective and efficient for evaluating 

of cutting performance of end mills for titanium aircraft components [72]. 

Rajeswari S. et al. (2018) have used grey fuzzy logic for multi objective optimization of 

cutting variables for minimum surface roughness and tool wear. The fuzzy logic rules viewer 

shown in Fig. 2.17. 
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FIGURE 2.17 Rules viewer of fuzzy logic [73] 

For this study geometrical parameters such as helix angle, nose radius, rake angle and 

machining parameters such as cutting speed, feed rate and depth of cut have been selected 

as an input variables. The experiment has been conducted based on L27 Taguchi orthogonal 

design. For experimentation Al 356/SiC and high-speed steel have been selected as a 

workpiece and tool materials respectively. ANOVA has been used to determine the effect of 

input variables on output parameters. Minimum surface roughness of 0.4063 µm and tool 

wear of 0.0375 mm have been achieved with the combination of 90 m/min cutting speed, 

0.04 mm/rev feed rate, 1.5 mm depth of cut, 40° helix angle, 0.8 mm nose radius and 12° 

rake angle [73]. 

Devarasiddappa Devarajaiah et al. (2019) have used combined fuzzy logic and particle swan 

optimization for optimization of end milling operation for Al–SiCp composite material. 

Spindle speed, feed rate, depth of cut and percentage of SiCp have been considered as input 

variables for minimum surface roughness. The effect of the input variables on surface 

roughness has been found using ANOVA. A comparison of fuzzy logic predicted values and 

experimental values of surface roughness is shown in Fig. 2.18 with a close line for 

performed experiments. Fuzzy based model gives 95.44% accuracy for surface roughness 

prediction [74]. 
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FIGURE 2.18 Fuzzy logic vs. experimental values of surface roughness [74] 

2.1.8 Other Prediction methods 

W. Baohai et al. (2013) have developed a cutting force prediction model in a circular end 

milling operation. This cutting force model has been developed based on the linear cutting 

force model for circular end milling. The tool path curvature effect, entry and exit angles 

have been analyzed on chip thickness. This developed cutting force model utilized circular 

as well as linear cutting force prediction. The geometry of linear and circular end milling is 

shown in Fig. 2.19. The experiment has been conducted and verified with the developed 

model. It has been concluded that experimentally measured results and predicted model 

results match with each other very well [75].  

 

FIGURE 2.19 Linear and circular end milling process geometry [75] 

R.Grabowskiat al. (2014) have applied stability analysis for calculating the process forces 

for the complex geometry of end milling cutter. The result indicated process force has been 

reduced during the geometric changes by serrated end mills. Increase the axial depth of cut 
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and analyze the end mill cutting force which indicates the impact of tool geometry on the 

process forces. For stability improvement, the Semi-Discretization Method has been used 

and obtain the stability charts. The results show that geometry has a great influence on 

process stability. The predicted stability charts have been verified through experimentation 

and study of the further effects on the process forces [76].  

Vishwajit D. Patil et al. (2015) have discussed the effects of milling machine parameters 

such as spindle speed, feed rate, and depth of cut and found the optimal cutting conditions 

for Al (2024-T4) material. It has been found out the best cutting condition for minimum 

surface roughness and maximum MRR. The characteristics of the machining process 

indicate the performance related to using the machine with the optimum cutting condition. 

This study optimizes the end milling process parameters to improve the quality and 

productivity of the product [77].  

U. Zuperl et al. (2016) have developed a control model to predict the effect of cutting 

parameters like spindle speed, feed rate and axial depth of cut, radial depth of cut and cutting 

force on surface roughness.  This control model is applied for desired surface roughness and 

control the cutting parameters with maintaining cutting force constantly.  The structure of 

the control model is based on genetic programming, neural network and adaptive neuro-

fuzzy interface system (ANFIS). Scatter diagram of predicted and measured values of 

surface roughness is shown in Fig. 2.20. The predicted values of the ANFIS model is in good 

agreement with experimental results. The prediction error of the predicted values by the 

ANFIS model with the trapezoidal membership function is 5.3% and the triangular 

membership function is 3%. The accuracy is 94.7% and 97% respectively [78].  

 

FIGURE 2.20 Scatter diagram of measured and predicted values of surface roughness [78] 
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Kenji Shimana et al. (2016) have investigated on a real-time error at a cutting point of end 

milling operation due to vibration. Dynamic cutting force and vibration displacement at the 

shank of the end mill have been measured during the cutting test. During the testing spindle 

speed continuously increase from medium to high level. It has been concluded that vibration 

displacement for a given cutting point agrees with the height of the machined surface with 

the spindle speed of 4500 rpm or less when the radial direction is normal to the feed direction 

[79].  

O. V. Arriaza et al. (2017) have analyzed and studied the use of energy for material removal 

operation, cutting process, spindle rotation, cutting and non-cutting operations. They have 

adopted a potential energy approach for the analysis of the carbide end mill. Various features 

of the cutting tool have been estimated and predict the tool life and tool changing timing. 

Several experiments have been conducted with a carbide end mill and AISI 1045 work 

material. For the analysis of energy transmission between the tool and work pieces before 

the end of its useful life, they measured the tool wear and required energy periodically until 

the end of the tool life. [80].  

A.Moufkia et al. (2017) have investigated the effect of cutting edge on the cutting forces 

based on the thermo mechanical predictive machining theory. Based on a mechanistic 

approach experiment has been conducted on Inconel 718 and determined the cutting force 

coefficient for the end milling process. The predicted values of cutting forces have been in 

good concurrence with experimental results under a series of cutting conditions [81].  

Venkata Ajay Kumar et al. (2018) have applied Analytic Hierarchy Process (AHP) 

embedded with Vise Kriterijumska Optimizacija Kompromisno Resenje (VIKOR) and 

Weighted aggregated sum product assessment (WASPA) methods to analyze the optimum 

process parameters for EN 31 steel. The objective of this study is to find out a combination 

of end milling process parameters for maximum material removal rate and minimum value 

of surface roughness and dimensional deviation. These methods have been used to find out 

the optimum solution for real-time problems [82]. 

Jakeer Hussain Shaik et al. (2020) have used a finite element model to improve the dynamic 

stability of end milling operation. The experiment has been conducted based on the Design 

of experiment. ANOVA and ANN have been used to study the effect of input variables on 

output and prediction. Tool overhang, bearing span, tool rotational speed, tool diameter and 

force angle have been selected as input variables for optimum design of the spindle tool
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 system and stable depth of cut. It has been concluded that large bearing span situations of 

chatter frequencies have a significant outcome on the system dynamics which increase the 

dynamic instability through machining conditions [83].  

Hossain et al. (2017) have solved the optimization problem using 5 types of metaheuristic 

algorithms such as ant colony optimization, artificial Bee Colony, modified differential 

evolution, simulated annealing and quick artificial bee colony, without or with search. This 

work deal with minimum machining time with surface roughness constraints for the end 

milling process on H13 steel. Cutter diameter, toll inclination angle and radial depth of cut 

have been considered as input variables. ANFIS model has been developed for the prediction 

of responses. It has been revealed that hybrid artificial Bee Colony with local search gives 

the best solution for this kind of problem [84]. 

P. J. Pawar et al. (2012) have used teaching-learning-based optimization techniques for 

milling, grinding and abrasive water jet machining processes for optimum cutting 

conditions. The results have been achieved by teaching-learning-based optimization 

techniques compared with other optimization techniques such as simulated annealing, 

harmony search, artificial bee colony algorithm, genetic algorithm and particle swarm 

optimization. Based on obtained results it has been concluded that this technique is 

efficiently used for the optimization of machining processes [85].  

2.2   Literature Summary 

This literature review gives the information about effects of various input parameters on 

response parameters for end milling operation.  

Cutting speed, feed rate, depth of cut (axial and radial), cutting tool helix angle, cutting tool 

rack angle, fiber orientation angle of GFRP material, different coating on end milling cutter 

etc. have been selected as end milling input process parameters and optimized for various 

responses such as cutting force, MRR, surface roughness, different tool wear (adhesive and 

abrasive), tool life, machining time, vibration, temperature during process etc. 

Different techniques for optimization and modeling such as the grey taguchi method, 

response surface methodology, particle swarm optimization, artificial neural network, 

simulated annealing, genetic algorithm, fuzzy logic system, etc. have been used for a single 

specific material. 
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2.3  Identification of research gap 

Literature shows that research have been made for the influence of input parameters on 

output parameters with exhausting experimental work. It has been observed that there is not 

any AI model available for prediction of response with suitable input parameters without 

exhausting experimental work. 

Researchers have used different techniques for optimization and modeling with experimental 

work for the selected material.  They are not used any proper techniques for optimization 

and prediction of end milling responses before actual practical work for newer material. 

It has been also observed that there is negligible work for the prediction of response 

parameters based on material properties for the end milling process.   

2.4   Research objective  

 Learning the relationship between input process parameters and response parameters 

of the end milling operation. 

 Development of a mathematical model for the end milling process. 

 Development of ANN model based on a mathematical model. 

 Train and test of ANN model.  

 To conduct the set of experiments for validation.  

 Multi objective optimization using multi objective genetic algorithm tool. 

2.5  Problem statement  

The manufacturer of industries focused on quality, productivity, cost, machining time and 

power consumption. To improve the quality & productivity and reduce the cost, machining 

time & power consumption, manufacturers try to find the techniques which give prediction 

and optimization of the end milling machining process parameters before practical work. 

Several factors make an influence on the quality, productivity, cost, machining time and 

power consumption of milling process such as cutting speed, feed rate and depth of cut, tool 

geometry and material & cutting tool properties, etc. In industries operators used analytical 

and trial & error methods to set up end milling machine cutting conditions with experimental 

work for the selected material. Those techniques are not effective and efficient for 

determining the proper combination of process variables for desirable output. This 
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conventional method is repetitive and very time-consuming. There is negligible technique 

available for prediction and multi objective optimization of the end milling process to 

achieve desirable output parameters before practical work on any specific material. 

2.6   Scope of work  

In the current research artificial intelligent techniques such as artificial neural network and 

multi objective genetic algorithm tool have been used for the prediction and optimization of 

end milling process parameters respectively. A mathematical model of the end milling 

process has been established and it has been utilized in the ANN model for prediction. Multi 

objective genetic algorithm tool has been used to optimize the process parameters for various 

performance evaluation criteria of the end milling process. The full factorial design of 

experiment approach has been used in this investigation and it gave 125 combinations of 

input variables using Minitab 17. The material AISI1020 has been selected as a workpiece. 

The four flutes solid carbide tool with 12 mm diameter has been chosen for end milling 

operation. Three machining input process parameters such as cutting speed, feed rate and 

depth of cut with a range of five levels along with two material properties 130 BHN (brinell 

hardness number) and 7860 Kg/m
3
 density have been selected in current research. Cutting 

tool material properties have been incorporated through cutting tool life constant and 

exponents. The material removal rate, machining time, tool life, cutting force, torque and 

power have been selected as performance evaluation criteria. The ANN predicted values of 

performance evaluation criteria compared with a mathematical model and experimental 

results for selected responses. Multi objective genetic algorithm tool has been used to 

optimize the machining process parameters that concurrently maximize material removal 

rate, tool life and minimize machining time, cutting force, torque and power. The result 

achieved by multi objective genetic algorithm has been validated through experimentation. 
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CHAPTER: 3 

RESEARCH METHODOLOGY AND 

EXPERIMENTAL WORK 

The main aim of this research is to implement the artificial intelligence techniques in 

industries for the end milling process. This investigation is divided into three parts. The first 

part is to study the relationship between end milling process parameters and responses and 

development of the mathematical model. The second part is to development of AI model 

based on a mathematical model. ANN model has been developed for the prediction of 

performance evaluation criteria of the end milling operation and multi objective optimization 

using multi objective genetic algorithm. The third part is experimentation and real data 

collection for validation of AI techniques results. 

3.1 Parameter consideration for this research 

In this research, end milling process parameters and material properties have been 

considered as input variables such as, 

 Cutting speed (m/min.) 

 Feed rate (mm/tooth.) 

 Depth of cut (mm) 

 Material density (Kg/m3) 

 Material hardness (BHN) 

The responses considered here, 

 Material removal rate (mm3/s) 

 Machining time (Sec.) 

 Tool life (Minutes) 

 Tangential cutting force (N) 

 Torque (Kgf.mm) 

 Power (kW) 
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3.2  Factors with levels values 

The design of experiment is a systematic approach to discovering the combination of cutting 

parameters for achieving desirable outputs for research attributes [86].  Various methods 

such as Taguchi method, full factorial method and response surface method have been used 

to study the effects of various levels of the factors simultaneously in DOE. Full factorial 

method is used for the study of several factor effects on the process so that full factorial 

design of experiment has been used in this investigation. It gave 125 combinations of input 

variables using Minitab 17 software. AISI1020 material with 130 BHN and 7860 Kg/m3 

density has been considered. The design data book [95] used for the selection of the range 

of machining input process parameters are shown in Table 3.1. 

Table 3.1: Levels and factors combination for end milling process 

FACTORS LEVELS  VALUES 

Cutting Speed (m/min.)  5  140, 150, 160, 170, 180  

Feed rate (mm/tooth.)  5  0.12, 0.15, 0.18, 0.21, 0.24  

Depth of cut (mm)  5  0.2, 0.4, 0.6, 0.8, 1  

3.3  Development of mathematical model 

In the current research, a mathematical model of the end milling process has been established 

and it has been utilized for the development of the AI model. The material removal rate 

(MRR), machining time, tool life, cutting force, torque and power have been considered as 

prediction responses. Machining input parameters such as cutting speed, feed rate, and depth 

of cut (Radial depth of cut) and mechanical properties of the material such as density, and 

hardness have been taken as inputs variables for the model. The Developed user-friendly 

mathematical model is shown in Fig. 3.1. In this model, first choose the needed responses 

then the model shows the required input parameters. Give the input parameters value and 

calculate the responses. This mathematical model calculates the responses based on below 

empirical equations. 
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FIGURE 3.1 Developed mathematical model 

The MRR has been calculated using equation (3.1) [87]. 

c

W1- 
M

W 2
 

ρ 
R  =

× 
R

T
 mm3/sec.                 (3.1)  

Where, W1 = Weight of the work piece before the operation (gms),  

W2 = Weight of the work piece after the operation (gms), 

Tc = Machining time (seconds),  

ρ = Material density (gm/mm3),  

Machining time [Tc] has been calculated using equation (3.2) [96]. 

c
w

c

c

T = ×60
×

D
L + A +

 f

 O +
2

Z × N  

 
 
 
 
 

 sec.                  (3.2)  

Where, Lw = Work piece length (mm),  

A = Approach Distance (mm),  
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    = cD

2
  for end milling operation [96] 

O = Over run (mm),  

    = cD

2
 for end milling operation [96] 

Dc = Cutter diameter (mm),  

f = Feed rate (mm/tooth),  

Zc = Total number of teeth on end mill cutter (4 Number of teeth)  

N = Cutting speed (rpm)  

Tool life [TL] has been calculated using equation (3.3) [97]. 

n

c L CV  × = T                       (3.3) 

Where, TL
 = Tool life (minutes),  

n and C = Constants which depend on work tool pair, tool shape, cutting     

environment, etc. [97]  

Tangential cutting force [F] has been calculated using equation (3.4) [98]. 

 s s sZ × K × A bF= ×   Kgf                              (3.4) 

Where, Zs = Number of teeth with simultaneous engagement with the work piece 

        =   cZ
× θs

360

 
 
 

              (3.5) 

Where Zc = Number of teeth 

s  = Angle of contact with the work pieces in degree, which depend    

upon chip thickness shown in Fig. 3.2 [98].  
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FIGURE 3.2 Contact Angle in cutting operation 

Ks = Specific cutting force in kgf, which depend upon the material hardness shown 

in Fig. 3.3 [98]. 

 

FIGURE 3.3  Specific cutting force [98] 

As  = Average chip thickness (mm).[98]. 

  57.2 sin cos 1 cos 2
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Where   f  = Feed rate (mm/tooth) 

      = Approach angle in degree 

         = for end milling operation the approach angle is 90˚. [88] 

   1  and 2  = Angle subtended at the entry and exit of the teeth.  

          1  is 0˚and 2  is 180˚. [89]        

b = Chip width (mm)  

     
sin

d



               (3.7) 

  Where   d = Depth of cut (mm) 

Torque [T] has been calculated using equation (3.8) [98]. 

F × 
T =

2

cD
  Kgf.mm                          (3.8)  

Where, Dc = Diameter of cutter (mm)  

  F = Tangential cutting force (Kgf) 

Power [P] has been calculated using equation (3.9) [98]. 

F × 
P =

Vc

6120
  kW                                                    (3.9) 

The results of the mathematical model for 125 datasets are shown in Appendix-C. 

3.4  ANN model for prediction of responses 

This section deals with the development of an artificial neural network model for the 

prediction of responses of end milling operation in terms of machining variables like cutting 

speed, feed rate,  depth of cut and mechanical properties of the material such as density and 

hardness. 

3.4.1 Selection of neural network 

Network selection is very important based on the types of problems. All artificial neural 

networks are based on the concept of neurons, their connections and transfer functions. 

Neural networks divide into five categories based on their application.  

1. Prediction 

2. Data association 
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3. Classification 

4. Data conceptualization 

5. Data filtration 

Table 3.2 indicate the categories of neural network based on its application. Some of these 

networks and algorithms have been used to solve more than one type of problem. 

Table 3.2 Categories of neural network 

Types and Application Algorithms and Networks 

Prediction: Predict the output values based on 

input variable. 

 Feed forward back propagation  

 Delta Bar Delta  

 Extended Delta   Bar Delta  

 Higher Order Neural Networks  

 Directed Random Search  

 Self-organizing map into Back-propagation  

Data Association: Like Classification but it 

also recognizes data that contains errors 

 

 Hopfield  

 Boltzmann Machine  

 Hamming Network  

 Bidirectional Associative Memory  

 Spation-temporal Pattern Recognition  

 

Classification: Determine the classification 

based on input values. 

 Learning Vector Quantization  

 Counter-propagation  

 Probabilistic Neural Networks 

Data Conceptualization: Analyze the inputs so 

that grouping relationships can be inferred 

 Adaptive Resonance Network  

 Self-Organizing Map  

Data filtration: Smooth an input signal 
 Recirculation  

 

Feed forward back propagation algorithm has been used to solve almost all types of problems 

and it is the most popular to solve the problem for various categories [90]. There are many 

algorithms but the feed forward back propagation algorithm is used for the prediction of end 

milling process responses. 
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3.4.2 Feed forward back propagation algorithm 

The feed forward back propagation algorithm has been developed in early 1970 by several 

independent sources such as Werbor, Parker, Rumelhart, Hinton and Williams. It is a 

learning algorithm. Presently, this developed feed forward back propagation algorithm is the 

easy, most popular and most effective to learn a model for complex and multi layered 

networks. It is used to solve the fitting function, pattern recognition and prediction type 

problems [93]. It is a gradient decent algorithm and the gradient is determined using a 

technique called back propagation, which involves performing computations backward 

through the nonlinear multilayer network.  According to the problem, it changes the weights 

and generates desired output for the given input during the training. The feed forward back 

propagation algorithm based neural network is shown in Fig. 3.4.   

 

FIGURE 3.4  Feed forward back propagation algorithm based neural network  

The input layer consists of five nodes with input variable and the output layer consist of six 

nodes with responses. The number of hidden layers has been determined by training in 

several times to the network. There are only general rules used and followed by most 

researchers applying this algorithm to their problems. 

Rule 1: Numbers of processing elements are increase or decrease based on the complexity 

and relationship of input data and desired output. 
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Rule 2: If the process being modeled is separable into multiple stages, then additional hidden 

layers may be required.  

Rule 3: The amount of training data available sets an upper bound for the number of 

processing elements in the hidden layers. To calculate this upper bound, use the number of 

input-output pair examples in the training set and divide that number by the total number of 

input and output processing elements in the network. Then divide that result again by a 

scaling factor. Larger scaling factors are used for relatively noisy data. It is important that 

the hidden layers have few processing elements.  

Another method in which weights are updated after many pairs of inputs and their desired 

outputs are presented to the network, rather than after every presentation. The number of 

input and output pairs that are presented during the accumulation is referred to as an epoch. 

The weights are not accumulated until the complete set of pairs is presented. This epoch may 

correspond either to the complete set of training pairs or to a subset. There are limitations to 

the feed forward back propagation algorithm. It requires lots of supervised training with lots 

of input-output data sets. Additionally, the internal mapping procedures are not well 

understood, and there is no guarantee that the system will converge to an acceptable solution. 

In this research different algorithm is tested and a feed forward back propagation algorithm 

has been selected. The flow chart of the feed forward back propagation algorithm is shown 

in Fig. 3.5. Levenberg Marquardt (trainlm) is the fastest learning function and default for 

feed forward back propagation algorithm. The trainlm has performed better for nonlinear 

regression problems. Levenberg Marquardt obtained the best performance with a minimum 

mean square error than any of the other algorithms tested [93]. 
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FIGURE 3.5  Flowchart for feed forward back propagation algorithm 
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3.4.3 Levenberg Marquardt learning function 

Levenberg Marquardt (trainlm) function is a damped least squares method used to solve 

nonlinear least squares problems. The trainlm function has been used with mean square error 

performance [93]. The trainlm function was designed to the methodology of second order 

training speed without having to compute the Hessian matrix. When the performance 

function has the form of as is typical in training feed forward back propagation algorithm 

then the Hessian matrix can be approximated as 

TH J J                                                                                                                      (3.10)                                                                           

and the gradient can be computed as 

  Tg J e                                                                                                                         (3.11) 

Where,  

J is the Jacobian matrix that contains the first derivatives of the network errors with 

respect to the weights and biases,  

e is a vector of network errors.  

 

The Jacobian matrix can be computed through a standard back propagation technique that is 

much less complex than computing the Hessian matrix. The Levenberg Marquardt algorithm 

uses this approximation to the Hessian matrix in the following Newton-like update: 

–1

1          T T

k kX X J J I J e
                                                                                        (3.12) 

Wher, 

μ is the combination coefficient, 

I is the identity matrix 

When the scalar μ is zero, this is just Newton’s method, using the approximate Hessian 

matrix. When μ is large, this becomes gradient descent with a small step size. Newton’s 

method is faster and more accurate near an error minimum, so the aim is to shift towards 

Newton’s method as quickly as possible. Thus, μ is decreased after each successful step and 

is increased only when a tentative step would increase the performance function. In this way, 

the performance function will always be reduced at each iteration of the algorithm. 

The training parameters for trainlm are epochs, show, goal, time, min_grad, max_fail, mu, 

mu_dec, mu_inc, mu_max. The parameter mu is the initial value for μ. This value is 

multiplied by mu_dec whenever the performance function is reduced by a step. It is 

multiplied by mu_inc whenever a step would increase the performance function. If mu 
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becomes larger than mu_max, the algorithm is stopped. The parameter mem_reduc is used 

to control the amount of memory used by the algorithm. 

The limitation of this function is it uses the Jacobian for calculations, which assumes that 

performance is a mean or sum of squared errors. Therefore, networks trained with this 

function must use either the MSE or SSE performance function [100]. 

3.4.4 Training step of neural network 

After the creation and initialization of the neural network, it requires a set of inputs and target 

outputs. Before starting the process of training, it is necessary to assign some random values 

to the weights. The network weights and biases have been initialized then the network is 

ready for training. The inputs of the neuron are updated with appropriate weights on inter 

layer connections of a hidden layer neuron and added to bias to produce input to the transfer 

function. 

The forwarded inputs Ij, at each node j for iteration n is calculated by using the relation 

 
0

( ). ( )
m

j ji i i

i

I w n X n b


                         (3.13)

 

 

Where, Wji(n) = Interconnection weights 

 Xi(n) = Input data 

 bi = Bias  

 m = Number of Inputs 

Next the output Oi is calculated using the activation function as: 

( ) ( ( ))j jO n f I n                                                                                                   (3.14) 

Where f is an activation function. In this study, different transfer function were tested and 

TANSING transfer function has been selected, which convert the input to the output can be 

written by equation (3.15) [91] and the symbol of TANSIG shown in Fig. 3.6. 

  2
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1 n
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e
 


                                             (3.15) 
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FIGURE 3.6  Tan sigmoidal transfer function [91] 

Output from the one layer of neurons is treated as input to the next layer of neurons. In the 

same way, the output from the last hidden layer is modified by appropriate weight and then 

the sum of the modified output signal is then modified by a transfer activation function and 

the output is collected at the outer layer [92]. The obtain predicted output Oj and compare 

with desired output Dj. 

The error ej for a given iteration, n is calculated next by subtracting the obtained output Oj, 

from the desired output Dj as 

( ) ( ) ( )j j je n D n O n 
                          (3.16) 

The error energy λi(n) is calculated next as: 

                                                                                               (3.17) 

 

The mean square error is calculated by summing the error energy over all neurons in the 

output layers for all the datasets, given as: 
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                                   (3.18)

 

Where N is the number of dataset that includes all the neurons in the output layer. 

For minimizing the mean square error, the weights are updated by an amount, Δji(n) using 

the delta rule as 
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                            (3.19)                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    

Where η is learning rate 
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The smaller the value of the learning rate, the lesser is the change to the weight of 

interconnection in a subsequent iteration, and the smoother is the trajectory in weight space. 

However, the smaller value of the learning rate may lead to a larger numbers of iterations 

for final convergence. Relatively high learning rates are typically used in order to help avoid 

slow convergence and local minima. A higher learning rate allows the network to converge 

more rapidly, hence the chances of a non-optimal solution are greater. However a constant 

learning rate results in significant parameters performance fluctuations during the entire 

training cycle such that the performance of the network can alter significantly from the 

beginning to end of the final iteration. Repeat this cycle until either the desired error 

threshold or the number of iterations crosses a particular limit.    

3.4.5 Development of ANN model 

Artificial neural network with feed forward back propagation algorithm has been used for 

prediction of response parameters of the end milling process. Feed forward back propagation 

algorithm updates the weights and minimizes the mean square error between the output and 

target value. The accuracy of the predicted result depends upon the training method of the 

model. MATLAB R2015a has been used for preparing the ANN model. ANN structure 

comprises of layers and neurons. In this network number of neurons lying in various layers 

with the input, hidden and output layers. In the ANN model no fixed rules for choosing the 

number of neurons in the hidden layer.  

The quantity of neurons in the hidden layer has been determined by examining many 

different numbers of neurons and finally, ten neurons have been chosen for the hidden layer. 

In the current model, 5 neurons in the input layer, 6 hidden layers, 10 neurons in each hidden 

layer and 6 output neurons have been found appropriate. The neural network architecture is 

shown in Fig. 3.7.  

 

FIGURE 3.7 Neural network architecture 
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In the training stage first, the weights must be preset haphazardly. The neuron is an element 

that plays out a weighted sum of all input variables and feeds into the network. Based on the 

weighted sum of the variables the neuron gives a signal to another neuron in the contiguous 

layer through a transfer function. The weight has been balanced during the learning stage 

using the feed forward back propagation algorithm. Weight values among the 5 input and 6 

hidden layers are shown in Table 3.3 and weight values among the 10 neurons in each hidden 

layer and 6 output layers are shown in Table 3.4.   

Table 3.3: Weight values among the input and hidden layers 

Weight values 

-0.055325 -11.6802 -19.3526 7.8086 -0.0029385 0.00045474 

-2.3047 -2.377 -4.3771 -0.10536 0.094167 0.099178 

-0.0091305 -0.1587 -0.77256 -0.08966 -0.56258 -0.8299 

-0.0095449 0.65573 0.0073144 -0.074397 -0.66132 -0.97112 

0.011696 0.18683 0.86759 -7.7503 0.001015 -0.00027931 

The ANN model has been trained then changed and stored the proper weights between 

different layers. Each neuron in one layer is connected with all neurons in the next layer. 

Weights have been applied to the input with the bias when the inputs are transmitted between 

neurons. The strength of the connection between two neurons depends upon its weights. 

Weight decides how much impact the input on the output.  

Table 3.4: Weight values among the hidden and output layers 

Weight values 

0.050906 -0.091109 2.9734 7.4959 -8.1107 5.6318 

-2.302 -1.3668 -3.3646 0.13202 0.050324 -0.012097 

-32.9804 -5.1493 -104.1875 -23.3887 0.57815 5.9978 

-32.5505 -0.0066983 0.0011607 -1.4674 0.49268 -0.17206 

0.070927 -0.27572 0.0025497 0.079511 0.036077 2.0191 

-50.301 -0.0021001 -11.8664 -0.73188 -145.4385 15.2665 

0.6355 -6.4199 -46.6458 0.00016082 -50.5112 -0.0021558 

-9.862 -0.73552 -145.4283 15.1625 0.63537 -6.3879 

-46.644 0.00027478 0.048248 0.048392 -5.0344 0.067529 

-7.6931 -14.9323 0.30182 3.0246 1.4919 -0.05239 

Biases are additional input into the next layer, which is help to regulate the output along with 

the weighted sum of the inputs to the neuron. Biases are not influenced by the previous layer 
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but they do have outgoing connections with their own weights and it is fit best for the given 

data. During the training of the ANN, weights and biases are initialized and updated. Weights 

and biases between the input layers and hidden layers, and its hidden layers and output layers 

are influenced by input, output and used algorithm. It’s continuously modified as each error 

is computed. So that weights and biases values are vary with positive or negative. 

Table 3.5: Bias values among the input and hidden layers 

Bias values  

28.7917 -4.6151 10.8337 1.5011 -2.1495 

2.5102 0.75836 2.0864 1.6777 -4.7771 

Bias values among the input and 10 neurons in each hidden layers are shown in Table 3.5 

and bias values among the hidden and 6 output layers are shown in Table 3.6. 

Table 3.6: Bias values among the hidden and output layers 

Bias values 

-17.7496 -16.8782 0.028566 

-44.681 -46.3917 7.3486 

The 125 data sets, that is achieved through the full factorial design of experiment, has been 

partitioned into two categories, 100 datasets for training and 25 datasets for testing purpose. 

Artificial neural network processing parameters that have been selected in the current model 

are shown in Table 3.7.  

Table 3.7: Network processing parameters 

Factors Parameters 

Number of input neurons 5 

Number of hidden layers and 

neurons  

6 Hidden layer and 10 neurons in each 

hidden layer 

Number of output neurons 6 

Type of algorithm Feed forward back propagation 

Training function TRAINLM 

Learning function LEARNGDM 

Performance function MSE 

Transfer function TANSIG 

Number of epochs 1000 
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In this network, TRAINLM has been selected as a training function and it updates the weight 

and bias values through Levenberg-Marquardt optimization. TANSIG and LEARNDGM 

have been chosen as transfer function and learning function respectively.  

3.4.6 ANN model performance analysis 

Neural network performance has been validated through a regression plot. The regression 

plot of the ANN model with results of 100 training datasets is shown in Fig. 3.8.  

 

FIGURE 3.8 Regression plot in Artificial Neural Network 

During the training state, the dataset divide the training (70%), validation (15%) and testing 

(15%) subsets randomly. The four regression plot displayed the network outputs with respect 

to targets for training, validation, test sets and all. For a perfect fit the data should fall along 
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a 45 degree line. The dashed line indicates the perfect results (Output = Target) and the solid 

line indicates the best fit linear regression line between the outputs and targets, where the 

network outputs are equal to the targets. The performance has been indicated by mean square 

error.  Measure the regression R-value for training data, validation data and testing data. 

Here R is the correlation coefficient between the output and target values. It has a proportion 

of how well the difference in the output is explained by the targets. If the value of R is 

equivalent to 1, at that point there is a perfect correlation among targets and outputs, while 

the target is the actual value. Here Y-intercept of best linear regression related targets to 

network outputs. If output is precisely equivalent to targets, the slop would be 1 and the Y-

intercept would be 0. The neural network performance plot indicates the values of the mean 

squared versus the epoch number shown in Fig. 3.9 for the trained ANN model. 

 

FIGURE 3.9 Neural network training performance 

The feedback from the process is called performance. MSE is the performance function of 

the network. When the error is below the required target, the neural network stops the 

training and ready for prediction. This time the training required 1000 iterations and it gives 

the best validation performance of 0.14426 at epoch 296. After the neural network is trained 

and validated it will be used for the prediction of responses to any input. The ANN model 

results of 100 training datasets and 25 testing datasets are shown in Appendix-D and 

Appendix-F respectively. 
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3.5 Multi objective optimization 

Manufacturing industries are in need of optimization of multiple objectives instead of a 

single objective. It is a challenging task to optimize the multiple conflicting objectives. In 

industries, achieving a single objective is conflicting in nature with other objectives. The 

optimized solution of a single objective is not acceptable when compared with other 

objectives. In multi objective optimization, the solution is satisfied simultaneously for each 

objective without degrading the other objectives [94]. It is very challenging for all the 

production industries to meet the required standard of the customer as well as to utilize all 

their resources to gain maximum profit and minimum loss. In this study, material removal 

rate, machining time, tool life, tangential cutting force, torque and power consumption are 

major factors that have been considered. So, from the above factors, a maximum material 

removal rate and tool life at low machining time, tangential cutting force, torque and power 

consumption have been considered in this investigation. The process has been used to find 

that value is known as multi objective optimization.  

3.5.1 Multi objective genetic algorithm with flow chart 

Many methods are available for optimization like Ant Colony Optimization, Genetic 

Algorithm, Particle Swarm Optimization, Simulated Annealing etc. Multi objective genetic 

algorithm is an effective and efficient algorithm that uses for multi objective optimization. 

The flow chart of multi objective genetic algorithm is shown in Fig. 3.10. In multi objective 

optimization first define the fitness function. The fitness function is the objective function 

that you want to minimize or maximize. The second is to set the parameters of multi 

objective genetic algorithm with upper and lower bounds. Multi objective optimization is a 

population-based search optimization technique.  

Based on a problem set the constraints range and initialized the population size by a non-

dominated sorting process. Individuals in the population are selected using ranking and 

crowding distance. Genetic operators such as reproduction, crossover and mutation are 

mostly responsible for the development of the search. The individuals of the next generation 

are selected with a combined current generation population and population offprint selection 

and create a new generation. 
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FIGURE 3.10 Flowchart of multi objective genetic algorithm 



Research Methodology and Experimental Work 

64 

 

3.5.2 Formation of objective Function with input and responses 

Multi objective genetic algorithm tool has been applied to optimize the six objective 

functions simultaneously without conflicting between each other. The mathematical 

equations of the end milling process have been utilized for the development of multi 

objective genetic algorithm for optimization of performance evaluation criteria of end 

milling process. The objective functions for maximizing the material removal rate (MRR) 

and tool life (TL) are shown in equations (3.20) and (3.21). The objective functions for 

minimizing the machining time (Tc), tangential cutting force (F), torque (T) and power (P) 

are shown in equations (3.22) to (3.25) respectively. 

To maximize 

 

f

W1- W 2
MRR =

 Dc  Dc  Dc
Lw + + +  

2 2 2ρ ×
Z

×60
 × c  × N

  
  
  
  

  

            (3.20) 

Where, MRR = material removal rate, W1 and W2 = weight of the work piece before the 

operation and after the operation in gms, ρ = density of material in gm/mm3, Lw = length of 

work piece, Dc = cutter Diameter, f = feed rate in mm/tooth, Zc = total number of teeth of 

end mill, N = Spindle speed in rpm. 

(1/ )

LT

n

C

Vc

 
  
                (3.21)      

 

Where, Vc = cutting speed in m/min., n and C = constants which depend on work tool pair, 

cutting environment, tool shape, etc. 

To minimize: 

C ×60
f

T
 ×

 Dc  Dc  Dc
Lw + + +  

2 2 2=
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(3.22)
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                                   (3.23)
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Where Zs = number of teeth with simultaneous engagement with the work piece, Ks= 

specific cutting force in kgf which depends upon the material hardness, d = depth of cut in 

mm, f = feed rate in mm/tooth. 

Zs Ks  d  57.3  f  2  9.80665 Dc
T =

( )
  

60 2

          
    

    
                  (3.24)

                                     

Zs Ks  d  57.3  f  2  9.80665 Vc
P =  

60 6

( )

120

          
    

    
                  (3.25)

                    

The constraint function of responses is shown in equation (3.26). 

(1/ )

[25 (( 1 2) / ( (( ( / 2) ( / 2) ( / 2)) / ( )) 60));

(( ( / 2) ( / 2) ( / 2)) / ( )) 60 3.40;

(15 ( / ) );

(( 57.3 2 9.80665) / 60) 364;

((( 57.3 2) / 60) ( / 2)) 210;
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C W W Lw Dc Dc Dc Zc f N

Lw Dc Dc Dc Zc f N
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57.3 2) / 60) ) / 6120 0.95]Ks d f Vc      

 

                          (3.26) 

3.5.3 Implementation of multi objective genetic algorithm tool 

Multi objective genetic algorithm tool has been used for multi objectives optimization with 

MATLAB R2015a. The developed mathematical model has been utilized for non-dominated 

Pareto optimal solutions. This problem solve using the optimization tool box of MATLAB 

is shown in Fig. 3.11. In this tool multi objective genetic algorithm solver has been used and 

inserts a directly generated fitness function (function y = optpro(x)) with upper and lower 

boundaries of the range of the 14th input variables. Here nonlinear constraint function defines 

the constraints of responses and specifies the function handled y form of @constraint, where 

constraint.m is an M-file that returns the vector Ceq. The generation of the fitness function 

and nonlinear constraint function is shown in Appendix-B. 
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FIGURE 3.11  MATLAB optimization tool box 

The selection of multi objective genetic algorithm tool options and processing parameters 

based on their performance. Numbers of times repeat the process and achieved the optimum 

results. Various multi objective genetic algorithm tool options are described below, 

a) Population options 

It specifies the population option for the genetic algorithm. In this tool three types of 

options are available like double vector, bit string and custom. Here double vector type 

option has been selected to solve this problem. Population size indicated the number of 

individuals in each generation. Here selected population size is 50. Creation function that 

creates the initial population. In this tool, five types of creation functions are available 

like constraint dependent, uniform, feasible population, nonlinear feasible population and 

custom. A feasible population gives the best result to solve in this problem.  

b) Selection options  

The selection function indicates parents for the next generation based on their scaled 

values from the fitness scaling function. The scaling function that performs the scaling 

and converts the raw fitness scores returned by the fitness function to values in the range 
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that is suitable for the selection function. The tournament selection function has been used 

to solve this problem. This function selects each parent by choosing random individuals, 

which specify tournament size. Here selected tournament size is 2. The best individual is 

selected out of that set to be a parent. 

c) Reproduction options 

This option determines how the multi objective genetic algorithm creates the children in 

each new generation. The set of crossover fraction to be selected between 0 to 1. Here 

selected crossover fraction is 0.8. The crossover fraction specifies the fraction of the next 

generation other than elite individuals, which is produced by crossover. The elite 

individuals are guaranteed individuals, which survive to the next generation. The 

individuals other than elite individuals in the next generation are produced by mutation. 

d) Mutation options 

The mutation function creates small changes in the individual of the population. It enables 

to the genetic algorithm to search a roader space and provide genetic diversity. In this tool 

five types of mutation functions are available such as constraint dependent, Gaussian, 

uniform, adaptive fissile and custom. Here adaptive feasible mutation function is selected 

to solve the problem. This function randomly generates the direction that is adaptive 

regarding to last successful and unsuccessful generation with satisfied constraints and it’s 

bound. 

e) Crossover options 

Crossover combines the two individuals to generate the child for a new generation. In this 

tool, eight types of crossover functions are available like constraint dependence, scattered, 

single point, two point, intermediate, heuristic and custom. Form the above single point 

function is given good results so that it has been selected to solve this problem. Single   

point select the random integer n between 1 and the number of variables and selects the 

vector entries numbered less than or equal to n from the first parent, selects genes 

numbered greater than n from the second parent, and concatenates these entries to form 

the child.  

f) Migration options 

Migration is a movement of an individual between the subpopulations. The best 

individuals of the one subpopulation replace the worst individuals of the second 

subpopulation. Three parameters such as direction, fraction and interval are control the 

migration. Migration can take place forward or in both directions. The forward direction 

is chosen for this problem. In forward, nth subpopulation migrates into (n+1)th 
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subpopulation. Here forward, migration takes place towards the last subpopulation. 

Fraction is control of the movement of individuals between the subpopulations.  Fraction 

is the smaller section of the two subpopulations that move. In this study, the fraction is 

0.2. Interval is control of the number of generations passing between the migrations. In 

this study, migration takes place every 20 generations.   

The selected multi objective genetic algorithm processing parameters and its values are 

shown in Table 3.8.  

Table 3.8: Multi objective genetic algorithm processing parameters 

Types of operation and parameter Parameter functions or value  

Number of objective function 6 

Number of input variable constraint 14 

Population size 50 

Number of generation 114 

Tournament size 2 

Constraint tolerance 1e-3 

Function tolerance 1e-4 

Migration fraction 0.2 

Cross over fraction 0.8 

Distance measure function Distance crowding 

Creation function  Feasible population  

Selection function  Tournament  

Mutation function  Adaptive feasible  

Crossover function  Single point  

The selected upper and lower bound of process variables have been shown in Table 3.9. 

Table 3.9: Upper and lower bound of process variable of end milling process 

Upper and lower bound of process variable 

140  180  Vc   
1376 376   W   

0.12   0.24 f   12 12  Dc   

0.2   1  d   100 100     wL   

120 120  Ks   4 4   Zc   

0.0079 0.0079    292  C 292     

2372.8560 375.3712  W   0.18  n 0.18   

3715.4989   4777.0701  N   0.6667 0.6667Zs   
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FIGURE 3.12 Plots generated by multi objective genetic algorithm tool (MATLAB R2015a) 

 

In the above Fig. 3.12, plot 1 indicates the average distance between individuals. In this 

graph, all of the distance between the individuals is shown between 0 to 600 but all are 

near to each other so it suggests that overwork is optimum. Also all distance between 

generations up to 114. In plot 2 indicates the numbers of individuals with generations. Here 

114 generation size is selected. In plot 3 gives the information about range vs. numbers of 

individuals.  This plot gives the value of the six functions with its range between the 

minimum and maximum value between those functions with the number of children. In plot 

4 gives information about the individuals vs. the number of children. It is useful for the 

selection of the function at the time of the validation. In plot 5 shows the information about 

stopping criteria with the percentage of criteria met in the generation. The pareto front 

optimal solution is shown in plot 6. In plot 7 gives information about the individuals and 

its distance. Here distance is 0 to 0.8 and individuals is 0 to 50 shows the relation between 

the distances of the individual's value. In plot 8 gives information about the rank of 

numbers of individuals and plot 9 shows the average spread is 0.0284884 has the maximum 

spread with 114 generations. All plots give the information about the optimized values of 

all responses with given inputs.
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3.6 Experiment procedure 

The details of the CNC type vertical milling machine, workpiece material with its properties 

and end mill cutter used in experimentation are explained briefly in this section. The required 

experimental setup with end milling process parameters and the measurement process of 

responses are also discussed.  

3.6.1 Experimental setup 

For validation of the ANN model, 25 experiments have been conducted on CNC vertical 

milling center (JYOTI) at Charotar University of science and technology, Change, Gujarat, 

India. The experimental set-up is shown in Fig. 3.13. 

 

FIGURE 3.13 Experimental set-up of end milling operation 

The setup of the experiments consider of following major step: 

 Selection of work specimen and its geometry. 

 End milling cutter selection 

 Preparation of CNC part program for end milling of specified work pieces. 
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 CNC end milling operation performed of 25 work pieces for total 25 data set with 

KISTLER dynamometer 

 Measurement of MRR, machining time, tangential cutting force, torque and power. 

 

The Technical specification of the vertical milling center is shown in Table 3.17. 

Table 3.10: Technical specification of vertical milling center 

Equipment Name CNC Machining Centre 

Supplier Jyoti CNC Automation Pvt. Ltd. 

Specification 
3-Axis Vertical Milling Centre with 

SINUMERIK  802 D SL Controller 

Dimension(L x W x H) 2200 x 2090 x 2550 

Weight 3600 Kg 

Table Size 660 x 360 mm 

Max. Load on table 400 Kg 

X-axis travel 510mm 

Y-axis travel 410mm 

Z-axis travel 510 mm 

Dist. From Spindle face to table  

top 

100-610 mm 

 

Spindle Speed 0-8000 rpm 

Front bearing bore 70 mm; 7.5/5.5 Kw: BT40 Taper 

Rapid Traverse(XYZ) 25 m/min. 

Cutting Feed 10 m/min. 

No. of tools 20 

Max. tool Dia. 89 mm 

Tool Wt. 5 Kg 

Tool Length 250 mm 

Positioning Accuracy 0.01 mm 

Repeatability +-0.005mm 

Spindle Drive/Axis Drive AC servo 

Guide way LM 

Coolant Auto/Manual/Centralize Lubrication 

3.6.2 Selection of work specimen and tool material 

AISI1020 steel is selected as a work specimen because it is easily available, low price and 

good machining characteristics. It is neither brittle nor ductile. AISI1020 steel has a 

relatively low tensile strength, but it is cheap and malleable. AISI1020 is acceptable in 

industries for general engineering components and machine parts. The chemical composition 

test of AISI1020 has been tested at unitech metallurgical services at Ahmedabad. The 

chemical composition of AISI1020 is shown in Table 3.11. The chemical composition, 

hardness and density testing certificate of AISI1020 is shown in Appendix-A. 
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Table 3.11: AISI1020 chemical composition 

Elements Mn C S P Fe 

% 

Composition 
0.565 0.197 0.039 0.026 99.100 

The hardness and density have been measured for the selected material and it is found at 

value of 130 BHN and 7860 Kg/m3 respectively. The work specimen before the 

experimentation with the initial level, material properties testing level and operation level is 

shown in Fig. 3.14. At the operation, work pieces are located and held on the KISTLER 

dynamometer through the drilled hole.  

 

FIGURE 3.14 Work Specimen before the operation 

During the experimentation total of 25 work specimens (100 x 50 x 10) have been prepared 

for 25 datasets. The work specimens after the end milling operation are shown in Fig. 3.15.  

 

FIGURE 3.15 Work Specimen after the operation 

The material of work pieces are removed by the tool in the form of chips due to shear 

deformation. A tool must be harder than the work pieces to be machined. The tool is maintain 

continuous contact with the work piece through the cutting edge and removes the material. 
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The cutter is generally made from high speed steel, coated carbide and solid carbide material 

are used for end milling operation. A solid carbide end mill is harder, wear-resistant, rigid 

and more used in finishing applications. So that a solid carbide end mill cutter has been 

selected as a cutting tool with a 12 mm diameter and 4 flutes [99]. The solid carbide end mill 

(MIRSCEMEN004SS1200) is shown in Fig. 3.16.  

 

FIGURE 3.16 End mill cutter 

3.6.3 Measurement of responses 

The responses like MRR, machining time, tangential cutting force, torque and power have 

been measured through various measuring instruments. To determine the value of 

experimental MRR, the weight of the work pieces has been measured before and after 

experimentation with the use of three digits accuracy weight machine shown in Fig. 3.17. 

The ratio of the difference between initial weight and final weight of the work piece and the 

product of material density and machining time give the material removal rate. The MRR is 

calculated using equation 3.1. 

 

FIGURE 3.17 Weight measurement



Research Methodology and Experimental Work 

74 

 

The experimental machining time has been measured through stop watch. Many researchers 

have used a variety of hydraulic, pneumatic and strain gauge instruments for force 

measurement. In this study quartz 4 component dynamometer made by KISTLER has been 

used to measure the tangential cutting force and torque during the end milling operation. The 

KISTLER dynamometer is shown in Fig. 3.18.  

 

FIGURE 3.18 Cutting force measurement using KISTLER dynamometer 

The dynamometer are mounted between the work piece and the milling machine table. The 

KISTLER dynamometer measures the cutting force into three directional components feed 

force, cross feed force and tangential cutting force. Here tangential cutting force has been 

considered in this study. The tangential cutting force acts parallel to the axis of the tool and 

in the z direction of the machine tool. Technical specification of KISTLER dynamometer is 

shown in Table 3.12. 

Table 3.12: Specification of KISTLER dynamometer 

Equipment Name  QUARTZ 4 COMPONENT DYNAMOMETER  

Make/Model  KISTLER 9272  

Specification  
 The natural frequency of the dynamometer is about 3 kHz 

 The threshold is smaller than 0.01N  

Measuring range  

 

Fx, Fy = +- 5 KN  

Fz = -5 to 20 KN  

MZ= +-200N.m  

 

The experimental values of cutting force have been used to determine the values of 

experimental power. The experimental results of the 25 data sets are shown in Appendix-H. 
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CHAPTER: 4 

RESULTS AND DISCUSSION 

In this study, AI techniques such as ANN and multi objective genetic algorithm are used for 

prediction and multi objective optimization for end milling process parameters respectively.  

The mathematical model has been developed to achieve the multi responses like MRR, 

machining time, tool life, tangential cutting force, torque and power by relating it with 

process parameters such as cutting speed, feed rate, depth of cut and material properties like 

material hardness and density. Minitab 17 software has been used for factor and level 

combination. ANN model has been developed based on a mathematical model for the 

prediction of multi responses of the end milling operation. The ANN model was trained 

using 100 data sets and tested using the remaining 25 data sets of the mathematical model. 

The comparison of ANN model results for 100 training data sets and 25 testing data sets 

with mathematical model results are shown in Appendix-E and Appendix-G. The experiment 

has been conducted on CNC vertical milling machine for validation of ANN predicted 

results of the testing data set. The comparison of experimental results with mathematical 

model results and experimental results with ANN model results are shown in Appendix-I 

and Appendix-J. The comparison of experimental results with mathematical model results 

and ANN model results is shown in Appendix-K. 

The absolute mean percentage error was calculated between the mathematical model and 

ANN model results, experimental and ANN model results and experimental and 

mathematical model results using the equation (4.1). 

 = 
100% Actual value – Predicted value

Absolute mean percentage error
n Actual value
        (4.1) 

Multi objective genetic algorithm tool has been used for multi objective optimization. The 

optimum results achieved by multi objective genetic algorithm have been validated through 

the confirmation test. 
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4.1 Mathematical model Vs. ANN model results for MRR 

The comparison of the mathematical model and ANN model results for the training dataset 

of MRR is shown in Fig. 4.1.  

 

FIGURE 4.1 Math. Vs.  ANN model results of MRR for training dataset 

The minimum percentage of error for MRR is 0% with a cutting speed is 180 m/min., feed 

rate is 0.12 mm/tooth and depth of cut is 0.8 mm for training data sets (data set 84). The 

maximum percentage of error for MRR is 11.81% with a cutting speed is 140 m/min., feed 

rate is 0.12 mm/tooth and depth of cut is 0.2 mm for training data sets (data set 1). The results 

of the training dataset show the absolute mean percentage error between the mathematical 

model and the ANN model has been found 0.92% for MRR. The comparison of the 

mathematical model and ANN model results for the testing dataset of MRR is shown in Fig. 

4.2.  

 

FIGURE 4.2 Math. Vs.  ANN model results for MRR for testing dataset 
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The minimum percentage of error for MRR is 0.02% with a cutting speed is 180 m/min., 

feed rate is 0.21 mm/tooth and depth of cut is 0.6 mm for testing data sets (data set 23). The 

maximum percentage of error for MRR is 6.21% with a cutting speed is 150 m/min., feed 

rate is 0.12 mm/tooth and depth of cut is 0.2 mm for testing data sets (data set 6). The results 

of the testing dataset show the absolute mean percentage error between the mathematical 

model and the ANN model has been found 1.34% for MRR. 

4.2 Mathematical model Vs. ANN model results for machining time 

The comparison of the mathematical model and ANN model results for the training dataset 

of machining time is shown in Fig. 4.3.  

 

FIGURE 4.3 Math. Vs.  ANN model results for machining time for training dataset 

The minimum percentage of error for machining time is 0.08% with a cutting speed is 170 

m/min., feed rate is 0.21 mm/tooth and depth of cut is 1 mm for training data sets (data set 

75). The maximum percentage of error for machining time is 10.98% with cutting speed is 

180 m/min., feed rate is 0.24 mm/tooth and depth of cut is 0.2 mm for training data sets (data 

set 96). The results of the training dataset show the absolute mean percentage error between 

the mathematical model and the ANN model has been found 3.40% for machining time. The 

comparison of the mathematical model and ANN model results for the testing dataset of 

machining time is shown in Fig. 4.4. The minimum percentage of error for machining time 

is 0.23% with a cutting speed is 160 m/min., feed rate is 0.15 mm/tooth and depth of cut is 

0.4 mm for testing data sets (data set 12). The maximum percentage of error for machining 

time is 8.19% with cutting speed is 140 m/min., feed rate is 0.24 mm/tooth and depth of cut 

is 0.2 mm for testing data sets (data set 1). The results of the testing dataset show the absolute 
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mean percentage error between the mathematical model and the ANN model has been found 

2.68% for machining time. 

 

FIGURE 4.4 Math. Vs.  ANN model results for machining time for testing dataset 

4.3  Mathematical model Vs. ANN model results for tool life 

The comparison of the mathematical model and ANN model results for the training dataset 

of tool life is shown in Fig. 4.5.  

 

FIGURE 4.5 Math. Vs. ANN model results for tool life for training dataset 

The minimum percentage of error for tool life is 0% for training data sets 23, 34, 35, 36 and 

60. The maximum percentage of error for tool life is 0.38% for testing data sets 81, 82, 83, 

84, 85, 86, 87, 88, 89, 90, 91, 92, 93, 94, 95, 97, 98 and 99. The results of the training dataset 

show the absolute mean percentage error between the mathematical model and the ANN 
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model has been found 0.11% for tool life. The comparison of the mathematical model and 

ANN model results for the testing dataset of tool life is shown in Fig. 4.6. The minimum 

percentage of error for tool life is 0.0016% with a cutting speed is 150 m/min., feed rate is 

0.12 mm/tooth and depth of cut is 0.4 mm for testing data sets (data set 7). The maximum 

percentage of error for tool life is 0.38 % for testing data sets 22, 23 and 24.The results 

testing dataset show the absolute mean percentage error between the mathematical model 

and the ANN model has been found 0.11% for tool life. 

 

FIGURE 4.6 Math. Vs. ANN model results for tool life for testing dataset 

4.4 Mathematical model Vs. ANN model results for tangential cutting 

force 

The comparison of the mathematical model and ANN model results for the training dataset 

of tangential cutting force is shown in Fig. 4.7.  

 

FIGURE 4.7 Math. Vs. ANN model results for tangential cutting force for training dataset 
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The minimum percentage of error for tangential cutting force is 0% for training data sets 40, 

60, 80 and 100. The maximum percentage of error for tangential cutting force is 8.57% with 

a cutting speed is 180 m/min., feed rate is 0.12 mm/tooth and depth of cut is 0.2 mm for 

training data sets (data set 81). The results of the training dataset show the absolute mean 

percentage error between the mathematical model and the ANN model has been found 0.77 

% for tangential cutting force. The comparison of the mathematical model and ANN model 

results for the testing dataset of tangential cutting force is shown in Fig. 4.8.  

 

FIGURE 4.8 Math. Vs. ANN model results for tangential cutting force for testing dataset 
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percentage error between the mathematical model and the ANN model has been found 0.77 

% for torque. 

 

FIGURE 4.9 Math. Vs. ANN model results for torque for training dataset 

The comparison of the mathematical model and ANN model results for the testing dataset 

of torque is shown in Fig. 4.10.  

 

FIGURE 4.10 Math. Vs ANN model results for torque for testing dataset 
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4.6 Mathematical model Vs. ANN model results for power 

The comparison of the mathematical model and ANN model results for the training dataset 

of power is shown in Fig. 4.11. The minimum percentage of error for power is 0.0045% with 

a cutting speed is 140 m/min., feed rate is 0.21 mm/tooth and depth of cut is 1 mm for 

training data sets (data set 20). The maximum percentage of error for power is 13.57% with 

a cutting speed is 170 m/min., feed rate is 0.12 mm/tooth and depth of cut is 0.4 mm for 

training data sets (data set 62). The results of the training dataset show the absolute mean 

percentage error between the mathematical model and the ANN model has been found 3.57 

% for power. 

 

FIGURE 4.11 Math. Vs. ANN model results for power for training dataset 

The comparison of the mathematical model and ANN model results for the testing dataset 

of power is shown in Fig. 4.12.  

 

FIGURE 4.12 Math. Vs. ANN model results for power for testing dataset 
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The minimum percentage of error for power is 0.29% with a cutting speed is 160 m/min., 

feed rate is 0.15 mm/tooth and depth of cut is 0.8 mm for testing data sets (data set 14).The 

maximum percentage of error for power is 11.91% with a cutting speed is 170 m/min., feed 

rate is 0.18 mm/tooth and depth of cut is 0.2 mm for testing data sets (data set 16). The 

results of the testing dataset show the absolute mean percentage error between the 

mathematical model and the ANN model has been found 4.30 % for power. 

4.7 Experimental Vs. Mathematical model results for MRR 

The comparison of experimental and ANN model results of MRR is shown in Fig. 4.13. The 

minimum percentage of error for MRR is 0.68% with a cutting speed is 160 m/min., feed 

rate is 0.15 mm/tooth and depth of cut is 0.4 mm (data set 12). The maximum percentage of 

error for MRR is 17.89% with a cutting speed is 140 m/min., feed rate is 0.24 mm/tooth and 

depth of cut is 0.6 mm (data set 3).The outcomes indicated the absolute mean percentage 

error between the experimental and mathematical model has been found 7.97% of MRR. 

 

FIGURE 4.13 Experimental Vs. Mathematical model results for MRR 
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indicated the absolute mean percentage error between experimental and mathematical model 

has been found 8.35 % of machining time. 

 

FIGURE 4.14 Experimental Vs. Mathematical model results for machining time 

4.9 Experimental Vs. Mathematical model results for tangential cutting   

force 

The comparison of experimental and ANN model results of tangential cutting force is shown 

in Fig. 4.15.  

 

FIGURE 4.15 Experimental Vs. Mathematical model results for tangential cutting force 

The minimum percentage of error for tangential cutting force is 1.33% with a cutting speed 

is 140 m/min., feed rate is 0.24 mm/tooth and depth of cut is 1 mm (data set 5). The 

maximum percentage of error for tangential cutting force is 17.24% with a cutting speed is 

180 m/min., feed rate is 0.21 mm/tooth and depth of cut is 0.2 mm (data set 21). The 

0.00

0.50

1.00

1.50

2.00

2.50

3.00

3.50

4.00

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Exp.Machining time (Sec.) Math.Machining time (Sec.)

0

50

100

150

200

250

300

350

400

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25

Exp. Tangential Cutting Force(N) Math. Tangential Cutting Force(N)



Results and Discussion 
 

86 

 

outcomes indicated the absolute mean percentage error between experimental and 

mathematical model has been found 7.57 % of tangential cutting force. 

4.10 Experimental Vs. Mathematical model results for torque 

The comparison of experimental and ANN model results of torque is shown in Fig. 4.16.  

 

FIGURE 4.16 Experimental Vs. Mathematical model results for torque 
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FIGURE 4.17 Experimental Vs. Mathematical model results for power 

4.12 Experimental Vs. ANN model results for MRR 

The comparison of experimental and ANN model results for the testing dataset of MRR is 

shown in Fig. 4.18. The minimum percentage of error for MRR is 0.01% with a cutting speed 

is 170 m/min., feed rate is 0.18 mm/tooth and depth of cut is 0.2 mm (data set 16). The 

maximum percentage of error for MRR is 17.82% with a cutting speed is 160 m/min., feed 

rate is 0.15 mm/tooth and depth of cut is 0.2 mm (data set 11). The outcomes indicated the 

absolute mean percentage error between the experimental and ANN model has been found 

the values of 8.02% of MRR. 

 

FIGURE 4.18 Experimental Vs. ANN results for MRR 
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4.13 Experimental Vs. ANN model results for machining time 

The comparison of experimental and ANN model results for the testing dataset of machining 

time is shown in Fig. 4.19.  

 

FIGURE 4.19 Experimental Vs. ANN results for machining time 
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FIGURE 4.20 Experimental Vs. ANN results for tangential cutting force 

4.15 Experimental Vs. ANN model results for torque 

The comparison of experimental and ANN model results for the testing dataset of torque is 

shown in Fig. 4.21. The minimum percentage of error for torque is 2.45 % with a cutting 

speed is 170 m/min., feed rate is 0.18 mm/tooth and depth of cut is 0.6 mm (data set 18). 

The maximum percentage of error for torque is 24.26% with a cutting speed is 150 m/min., 

feed rate is 0.12 mm/tooth and depth of cut is 0.2 mm (data set 6). The outcomes indicated 

the absolute mean percentage error between the experimental and ANN model has been 
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FIGURE 4.21 Experimental Vs. ANN results for torque 
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4.16 Experimental Vs. ANN model results for power 

The comparison of experimental and ANN model results for the testing dataset of power is 

shown in Fig. 4.22. The minimum percentage of error for power is 0.50% with a cutting 

speed is 150 m/min., feed rate is 0.12 mm/tooth and depth of cut is 0.2 mm (data set 6). The 

maximum percentage of error for power is 21.63% with a cutting speed is 170 m/min., feed 

rate is 0.18 mm/tooth and depth of cut is 0.2 mm (data set 16). The outcomes indicated the 

absolute mean percentage error between the experimental and ANN model has been found 

the values of 7.89% of the power. 

 

FIGURE 4.22 Experimental Vs. ANN results for power 
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FIGURE 4.23 Experimental Vs. ANN model Vs. Math. model results for MRR 

 

FIGURE 4.24 Experimental Vs. ANN model Vs. Math. model results for machining time 

 

FIGURE 4.25 Experimental Vs. ANN model Vs. Math. model results for tangential cutting force 
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FIGURE 4.26 Experimental Vs. ANN model Vs. Math. model results for torque 

 

FIGURE 4.27 Experimental. Vs. ANN model Vs. Math. model results for power 
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4.18 Interactive effect of machining parameters on responses 

The interactive effect of input parameters such as cutting speed, feed and depth of cut on the 

responses such as MRR, machining time, tangential cutting force, torque and power were 

analysed, which is useful for the selection of input process parameters for the better quality 

of end milling process. The interactive effect of input parameters on responses are plotted 

using MINITAB 17 software. The interactive effect of machining parameters on MRR is 

shown in Fig. 4.28. It is observed that the MRR is increase when feed rate and depth of cut 

are increased with cutting speed simultaneously. The MRR is maximum when the cutting 

speed is 140 m/min., feed rate is 0.24 mm/tooth and depth of cut is 1 mm. The MRR is 

minimum when the cutting speed is 150 m/min., feed rate is 0.12 mm/tooth and depth of cut 

is 0.2 mm. 

 

FIGURE 4.28 Interactive effects of machining parameters on MRR 

The interactive effect of machining parameters on machining time is shown in Fig. 4.29. For 

the interactive effect of cutting speed and feed rate, machining time is decrease with cutting 

speed and feed rate are increases. For the interactive effect of cutting speed and depth of cut, 

machining time is decrease with cutting speed increase and depth of cut decrease.  

   

FIGURE 4.29 Interactive effects of machining parameters on machining time 
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For the interactive effect of feed rate and depth of cut, machining time is decrease with feed 

rate and depth of cut decreases. The machining time is maximum when the cutting speed is 

150 m/min., feed rate is 0.12 mm/tooth and depth of cut is 1 mm. The machining time is 

minimum when the cutting speed is 180 m/min., feed rate is 0.21 mm/tooth and depth of cut 

is 0.2 mm. The interactive effect of machining parameters on tangential cutting force is 

shown in Fig. 4.30. For the interactive effect of cutting speed and feed rate, tangential cutting 

force is increase with cutting speed and feed rate are increased. For the interactive effect of 

cutting speed and depth of cut, tangential cutting force is decreased in starting condition, 

then it increases with depth of cut and cutting speed are increase. For the interactive effect 

of feed rate and depth of cut, tangential cutting force is increase with depth of cut and feed 

rate are decreased. The tangential cutting force is maximum when the cutting speed is 140 

m/min., feed rate is 0.24 mm/tooth and depth of cut is 1 mm. The tangential cutting force is 

minimum when the cutting speed is 150 m/min., feed rate is 0.12 mm/tooth and depth of cut 

is 0.2 mm. 

 

FIGURE 4.30 Interactive effects of machining parameters on tangential cutting force 

The interactive effect of machining parameters on torque is shown in Fig. 4.31. For the 

interactive effect of cutting speed and feed rate, torque is increased when feed rate is 

increased with a certain range of cutting speed.  

 

FIGURE 4.31 Interactive effects of machining parameters on torque 
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For the interactive effect of cutting speed and depth of cut, torque is increase in starting 

condition, then it decreases up to certain level. When depth of cut is decrease with cutting 

speed, the torque is decreased. For the interactive effect of feed rate and depth of cut, torque 

decreases with depth of cut and feed rate are decreases. The torque is maximum when the 

cutting speed is 140 m/min., feed rate is 0.24 mm/tooth and depth of cut is 1 mm. The torque 

is minimum when the cutting speed is 170 m/min., feed rate is 0.18 mm/tooth and depth of 

cut is 0.2 mm. The interactive effect of machining parameters on power is shown in Fig. 

4.32.  

 

FIGURE 4.32 Interactive effects of machining parameters on power 

For the interactive effect of cutting speed and feed rate, power is increase with cutting speed 

and feed rate are increases. For the interactive effect of cutting speed and depth of cut, power 

is decreased with cutting speed and depth of cut are decreased. For the interactive effect of 

feed rate and depth of cut, power is increase with depth of cut and feed rate are increased. 

The power is maximum when the cutting speed is 180 m/min., feed rate is 0.21 mm/tooth 

and depth of cut is 1 mm. The power is minimum when the cutting speed is 150 m/min., feed 

rate is 0.12 mm/tooth and depth of cut is 0.2 mm. 

4.19 Pareto optimal solution for multi objective optimization 

When there is a set of solutions like that we cannot increase any objective improve without 

at the same time deteriorating another then we have what is called the Pareto front of the 

objective vectors. The optimized parameter combinations of eighteen non-dominated Pareto 

optimal solutions are presented in Appendix-L. The Pareto optimal front distributed points 

shown in Fig. 4.33 are generated from the multi objective genetic algorithm tool of selected 

responses. 
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FIGURE 4.33 Pareto optimal front chart 

   

Fig. 4.34 indicated a relation between the number of individuals and score which gives the 

range of minimum and maximum values of responses related to the constraint function.   

 

FIGURE 4.34 Score histogram chart 

This graph gives the value of the six functions fun1 (MRR), fun2 (Machining time), fun 3 

(Tool life), fun 4 (Tangential cutting force), fun 5 (Torque) and fun 6(Power) gives the 

range between the minimum and maximum value between those six functions. The 

minimum and maximum values of MRR are 25.40 and 249.58, machining time is 1.56 and 
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3.40, tool life is 15.04 and 59.38, the tangential cutting force is 41.33 and 341.67, torque is 

25.29 and 209.04 and power is 0.10 and 0.95. 

4.20 Confirmation test verification of optimum results 

The one set of optimized cutting parameters shown in serial number 10 in Appendix-L is 

given a batter result of responses so that it is verified through the confirmation test. The 

confirmation test gives the material removal rate is 235.29 m3/sec, machining time is 1.70 

sec, tangential cutting force is 355.13 N, torque is 210.02 Kgf.mm and power is 0.83 kW 

simultaneously with 140 m/min. of cutting speed, 0.24 mm/tooth of feed rate and 0.95 mm. 

of depth of cut.  A comparison of multi objective genetic algorithm and experimental result 

is shown in Fig. 4.35. It has been found the absolute percentage error is 2.53% for MRR, 

8.07% for machining time, 3.79% for tangential cutting force, 0.47% for torque and 3.78% 

for power. The experimental results indicated good agreement with multi objective genetic 

algorithm tool results with optimum end milling process parameters. 

 

FIGURE 4.35 Multi objective genetic algorithm Vs. Experimental result 

The multi objective optimization approach presented here gives optimum machining 

conditions for consequently given maximum and minimum values of responses. It has been 

observed that all the solution generated by multi objective genetic algorithm tool is good. 

The preference for the selection of Pareto optimal solutions depends upon the manufacturer's 

expectations and industrial requirements. 
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CHAPTER: 5   

CONCLUSION AND FUTURE SCOPE  

5.1 Conclusion 

 The results of the research show that artificial neural network and multi objective 

genetic algorithm tool are efficiently utilized for prediction and optimization 

respectively for multi response parameters of the end milling process.  

 The ANN model provides average accuracy of 99.08% for MRR, 96.60% for 

machining time, 99.89% for tool life, 99.23% for tangential cutting force, 99.23% 

for torque and 96.43% for power when it compared with mathematical model results 

of the training data sets.  

 The ANN model provides average accuracy of 98.66% for MRR, 97.32% for 

machining time, 99.89% for tool life, 99.19% for tangential cutting force, 99.20% 

for torque and 95.70% for power when it compared with mathematical model results 

of the testing data sets.  

 The comparison between the mathematical model results and experimental results 

shows the average accuracy of 92.03%, 91.65%, 92.43%, 90.00% and 92.43 % for 

MRR, machining time, tangential cutting force, torque and power respectively.  

 The comparison between the ANN model results and experimental results shows the 

average accuracy of 91.98%, 92.68%, 92.67%, 90.31% and 92.11 % for MRR, 

machining time, tangential cutting force, torque and power respectively.  

 All three results of ANN model, mathematical model and experimentation indicated 

very good concurrence (more than 90%) in between each other.  

 Multi objective genetic algorithm based Pareto optimal designs approach gave the 

optimal solution with a maximum material removal rate is 229.33 m3/sec, tool life is 

59.34 minutes and minimum machining time is 1.56 sec, tangential cutting force is 

341.67 N, torque is 209.04 Kgf.mm and power is 0.80 kW simultaneously in terms  

cutting speed of 140.02 m/min., feed rate of 0.24 mm/tooth and depth of cut of 0.95 

mm. 
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 The results of multi objective genetic algorithm tool validated through 

experimentation and it has been found average accuracy 97.47% for MRR, 91.93% 

for machining time, 96.21% for tangential cutting force, 99.53% for torque and 

96.22% for power.  

 This indicates that the AI techniques (ANN and Multi objective genetic algorithm) 

can efficiently utilized for the prediction and optimization of multi response 

parameters of the end milling process with selected materials before the 

experimentation. The outcome of the research is helpful to industries to reduce the 

time and costs of experimental trials before actual production also improve 

productivity and reduce the power consumption. 

5.2 Future scope 

 Artificial neural network based model is used with various optimization algorithms 

like ant colony, particle swarm optimizations, fuzzy logic and their hybridization 

with artificial neural network based models offer a number of potential advantages 

and gives better solution.  

 The proposed methodologies can give better solutions in manufacturing industries. 

 ANN model performs very well if provided with multi objective optimization tool 

for prediction as well as optimization in various machining processes like turning, 

grinding, drilling, etc. to obtain minimum production time, maximum profit rate and 

minimum production cost also avoid any waste in production especial for material 

and time. 

 AI techniques give better performance in industrial applications. 
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8. APPENDIX - A 

 AISI1020 chemical composition and hardness test certificate 
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 AISI1020 density test certificate 
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9. APPENDIX - B 

 Multi objective genetic algorithm with objective function, bound and 

constraints. 

Objective Function 

 

function y = optpro(x) 

%summery of this function goes here 

%it is a multiobjective function i.e.more than 1 function 

%y(1)---objective 1----equation of MRR for maximize 

%y(2)---objective 2----equation of TC for minimize 

%y(3)---objective 3----equation of TL for maximize 

%y(4)---objective 4----equation of F for minimize 

%y(5)---objective 5----equation of T for minimize 

%y(6)---objective 6----equation of P for minimize 

 

% x(1)---Cutting speed 

% x(2)---Feed rate 

% x(3)---Depth of cut 

% x(4)---Specific cuttiong force based on BHN 

% x(5)---Density 

% x(6)---Final Job weight 

% x(7)---Spindle speed 

% x(8)--- Initial weight 

% x(9)---cutter diameter 

% x(10)--- Length of work piece 

% x(11)---Number of teeth 

% x(12)--- Constant Depend upon Workpiece and tool pair  

% x(13)---Constant Depend upon Workpiece and tool pair 

% x(14)--- Number of teeth in simultaneous engagement with the work piece 

 

 

%MRR 

y(1) = ((x(8)-x(6))/(x(5)*((x(10)+(x(9)/2)+(x(9)/2)+(x(9)/2))/(x(11)*x(2)*x(7)))*60)); 

%TC 

y(2) = ((x(10)+(x(9)/2)+(x(9)/2)+(x(9)/2))/(x(11)*x(2)*x(7)))*60; 

%TL 

y(3) = (x(12)/x(1))^(1/x(13)); 

%F 

y(4) = ((x(14)*x(4)*x(3)*57.3*x(2)*2*9.80665)/60); 

%T 

y(5) = (((x(14)*x(4)*x(3)*57.3*x(2)*2)/60)*(x(9)/2)); 

%P 

y(6) = (((x(14)*x(4)*x(3)*57.3*x(2)*2)/60)*x(1))/6120; 

 

 

end 

Bound 

 
lower bound [140 0.12 0.2 120 0.0079 372.8560 3715.4989 376 12 100 4 292 0.18 0.6667] 

Upper bound [180 0.24 1 120 0.0079 375.3712 4777.0701 376 12 100 4 292 0.18 0.6667] 

Constraints 
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c = [25-((x(8)-x(6))/(x(5)*((x(10)+(x(9)/2)+(x(9)/2)+(x(9)/2))/(x(11)*x(2)*x(7)))*60)); 
   ((x(10)+(x(9)/2)+(x(9)/2)+(x(9)/2))/(x(11)*x(2)*x(7)))*60-3.40; 
   (15-(x(12)/x(1))^(1/x(13))); 
   ((x(14)*x(4)*x(3)*57.3*x(2)*2*9.80665)/60)-364; 
   (((x(14)*x(4)*x(3)*57.3*x(2)*2)/60)*(x(9)/2))-210; 
   (((x(14)*x(4)*x(3)*57.3*x(2)*2)/60)*x(1))/6120-0.95]; 
   ceq = []; 
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10. APPENDIX - C 

 Mathematical model results 

Sr 

No. 

Cutting 

speed 

(m/min) 

Feed rate 

(mm/tooth) 

Depth of 

cut (mm) 
BHN 

Density 

(Kg/m3) 

MRR 

(mm3/s) 

Machinin

g time 

(Sec.) 

Tool life 

(Minutes) 

Tangenti

al cutting 

force(N) 

Torque 

(Kgf.mm) 

Power 

(kW) 

1 140 0.12 0.2 130 7860 20.15 3.97 59.14 35.96 22.00 0.08 

2 140 0.12 0.4 130 7860 40.30 3.97 59.14 71.93 44.01 0.17 

3 140 0.12 0.6 130 7860 60.46 3.97 59.14 107.89 66.01 0.25 

4 140 0.12 0.8 130 7860 80.61 3.97 59.14 143.85 88.01 0.34 

5 140 0.12 1 130 7860 100.76 3.97 59.14 179.81 110.02 0.42 

6 140 0.15 0.2 130 7860 25.19 3.18 59.14 44.95 27.50 0.10 

7 140 0.15 0.4 130 7860 50.38 3.18 59.14 89.91 55.01 0.21 

8 140 0.15 0.6 130 7860 75.57 3.18 59.14 134.86 82.51 0.31 

9 140 0.15 0.8 130 7860 100.76 3.18 59.14 179.81 110.02 0.42 

10 140 0.15 1 130 7860 125.95 3.18 59.14 224.77 137.52 0.52 

11 140 0.18 0.2 130 7860 30.23 2.65 59.14 53.94 33.00 0.13 

12 140 0.18 0.4 130 7860 60.46 2.65 59.14 107.89 66.01 0.25 

13 140 0.18 0.6 130 7860 90.68 2.65 59.14 161.83 99.01 0.38 

14 140 0.18 0.8 130 7860 120.91 2.65 59.14 215.78 132.02 0.50 
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15 140 0.18 1 130 7860 151.14 2.65 59.14 269.72 165.02 0.63 

16 140 0.21 0.2 130 7860 35.27 2.27 59.14 62.94 38.51 0.15 

17 140 0.21 0.4 130 7860 70.53 2.27 59.14 125.87 77.01 0.29 

18 140 0.21 0.6 130 7860 105.80 2.27 59.14 188.81 115.52 0.44 

19 140 0.21 0.8 130 7860 141.06 2.27 59.14 251.74 154.02 0.59 

20 140 0.21 1 130 7860 176.33 2.27 59.14 314.68 192.53 0.73 

21 140 0.24 0.2 130 7860 40.30 1.98 59.14 71.93 44.01 0.17 

22 140 0.24 0.4 130 7860 80.61 1.98 59.14 143.85 88.01 0.34 

23 140 0.24 0.6 130 7860 120.91 1.98 59.14 215.78 132.02 0.50 

24 140 0.24 0.8 130 7860 161.21 1.98 59.14 287.70 176.03 0.67 

25 140 0.24 1 130 7860 201.52 1.98 59.14 359.63 220.03 0.84 

26 150 0.12 0.2 130 7860 21.59 3.71 40.32 35.96 22.00 0.09 

27 150 0.12 0.4 130 7860 43.18 3.71 40.32 71.93 44.01 0.18 

28 150 0.12 0.6 130 7860 64.77 3.71 40.32 107.89 66.01 0.27 

29 150 0.12 0.8 130 7860 86.37 3.71 40.32 143.85 88.01 0.36 

30 150 0.12 1 130 7860 107.96 3.71 40.32 179.81 110.02 0.45 

31 150 0.15 0.2 130 7860 26.99 2.96 40.32 44.95 27.50 0.11 

32 150 0.15 0.4 130 7860 53.98 2.96 40.32 89.91 55.01 0.22 

33 150 0.15 0.6 130 7860 80.97 2.96 40.32 134.86 82.51 0.34 

34 150 0.15 0.8 130 7860 107.96 2.96 40.32 179.81 110.02 0.45 
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35 150 0.15 1 130 7860 134.95 2.96 40.32 224.77 137.52 0.56 

36 150 0.18 0.2 130 7860 32.39 2.47 40.32 53.94 33.00 0.13 

37 150 0.18 0.4 130 7860 64.77 2.47 40.32 107.89 66.01 0.27 

38 150 0.18 0.6 130 7860 97.16 2.47 40.32 161.83 99.01 0.40 

39 150 0.18 0.8 130 7860 129.55 2.47 40.32 215.78 132.02 0.54 

40 150 0.18 1 130 7860 161.93 2.47 40.32 269.72 165.02 0.67 

41 150 0.21 0.2 130 7860 37.78 2.12 40.32 62.94 38.51 0.16 

42 150 0.21 0.4 130 7860 75.57 2.12 40.32 125.87 77.01 0.31 

43 150 0.21 0.6 130 7860 113.35 2.12 40.32 188.81 115.52 0.47 

44 150 0.21 0.8 130 7860 151.14 2.12 40.32 251.74 154.02 0.63 

45 150 0.21 1 130 7860 188.92 2.12 40.32 314.68 192.53 0.79 

46 150 0.24 0.2 130 7860 43.18 1.85 40.32 71.93 44.01 0.18 

47 150 0.24 0.4 130 7860 86.37 1.85 40.32 143.85 88.01 0.36 

48 150 0.24 0.6 130 7860 129.55 1.85 40.32 215.78 132.02 0.54 

49 150 0.24 0.8 130 7860 172.73 1.85 40.32 287.70 176.03 0.72 

50 150 0.24 1 130 7860 215.91 1.85 40.32 359.63 220.03 0.90 

51 160 0.12 0.2 130 7860 23.03 3.47 28.18 35.96 22.00 0.10 

52 160 0.12 0.4 130 7860 46.06 3.47 28.18 71.93 44.01 0.19 

53 160 0.12 0.6 130 7860 69.09 3.47 28.18 107.89 66.01 0.29 

54 160 0.12 0.8 130 7860 92.12 3.47 28.18 143.85 88.01 0.38 
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55 160 0.12 1 130 7860 115.15 3.47 28.18 179.81 110.02 0.48 

56 160 0.15 0.2 130 7860 28.79 2.78 28.18 44.95 27.50 0.12 

57 160 0.15 0.4 130 7860 57.58 2.78 28.18 89.91 55.01 0.24 

58 160 0.15 0.6 130 7860 86.37 2.78 28.18 134.86 82.51 0.36 

59 160 0.15 0.8 130 7860 115.15 2.78 28.18 179.81 110.02 0.48 

60 160 0.15 1 130 7860 143.94 2.78 28.18 224.77 137.52 0.60 

61 160 0.18 0.2 130 7860 34.55 2.32 28.18 53.94 33.00 0.14 

62 160 0.18 0.4 130 7860 69.09 2.32 28.18 107.89 66.01 0.29 

63 160 0.18 0.6 130 7860 103.64 2.32 28.18 161.83 99.01 0.43 

64 160 0.18 0.8 130 7860 138.18 2.32 28.18 215.78 132.02 0.58 

65 160 0.18 1 130 7860 172.73 2.32 28.18 269.72 165.02 0.72 

66 160 0.21 0.2 130 7860 40.30 1.98 28.18 62.94 38.51 0.17 

67 160 0.21 0.4 130 7860 80.61 1.98 28.18 125.87 77.01 0.34 

68 160 0.21 0.6 130 7860 120.91 1.98 28.18 188.81 115.52 0.50 

69 160 0.21 0.8 130 7860 161.21 1.98 28.18 251.74 154.02 0.67 

70 160 0.21 1 130 7860 201.52 1.98 28.18 314.68 192.53 0.84 

71 160 0.23 0.2 130 7860 44.14 1.81 28.18 68.93 42.17 0.18 

72 160 0.23 0.4 130 7860 88.28 1.81 28.18 137.86 84.35 0.37 

73 160 0.24 0.6 130 7860 138.18 1.74 28.18 215.78 132.02 0.58 

74 160 0.24 0.8 130 7860 184.25 1.74 28.18 287.70 176.03 0.77 
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75 160 0.24 1 130 7860 230.31 1.74 28.18 359.63 220.03 0.96 

76 170 0.12 0.2 130 7860 24.47 3.27 20.13 35.96 22.00 0.10 

77 170 0.12 0.4 130 7860 48.94 3.27 20.13 71.93 44.01 0.20 

78 170 0.12 0.6 130 7860 73.41 3.27 20.13 107.89 66.01 0.31 

79 170 0.12 0.8 130 7860 97.88 3.27 20.13 143.85 88.01 0.41 

80 170 0.12 1 130 7860 122.35 3.27 20.13 179.81 110.02 0.51 

81 170 0.15 0.2 130 7860 30.59 2.62 20.13 44.95 27.50 0.13 

82 170 0.15 0.4 130 7860 61.18 2.62 20.13 89.91 55.01 0.25 

83 170 0.15 0.6 130 7860 91.76 2.62 20.13 134.86 82.51 0.38 

84 170 0.15 0.8 130 7860 122.35 2.62 20.13 179.81 110.02 0.51 

85 170 0.15 1 130 7860 152.94 2.62 20.13 224.77 137.52 0.64 

86 170 0.18 0.2 130 7860 36.71 2.18 20.13 53.94 33.00 0.15 

87 170 0.18 0.4 130 7860 73.41 2.18 20.13 107.89 66.01 0.31 

88 170 0.18 0.6 130 7860 110.12 2.18 20.13 161.83 99.01 0.46 

89 170 0.18 0.8 130 7860 146.82 2.18 20.13 215.78 132.02 0.61 

90 170 0.18 1 130 7860 183.53 2.18 20.13 269.72 165.02 0.76 

91 170 0.21 0.2 130 7860 42.82 1.87 20.13 62.94 38.51 0.18 

92 170 0.21 0.4 130 7860 85.65 1.87 20.13 125.87 77.01 0.36 

93 170 0.21 0.6 130 7860 128.47 1.87 20.13 188.81 115.52 0.53 

94 170 0.21 0.8 130 7860 171.29 1.87 20.13 251.74 154.02 0.71 
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95 170 0.21 1 130 7860 214.11 1.87 20.13 314.68 192.53 0.89 

96 170 0.24 0.2 130 7860 48.94 1.63 20.13 71.93 44.01 0.20 

97 170 0.24 0.4 130 7860 97.88 1.63 20.13 143.85 88.01 0.41 

98 170 0.24 0.6 130 7860 146.82 1.63 20.13 215.78 132.02 0.61 

99 170 0.24 0.8 130 7860 195.76 1.63 20.13 287.70 176.03 0.81 

100 170 0.24 1 130 7860 244.70 1.63 20.13 359.63 220.03 1.02 

101 180 0.12 0.2 130 7860 25.91 3.09 14.66 35.96 22.00 0.11 

102 180 0.12 0.4 130 7860 51.82 3.09 14.66 71.93 44.01 0.22 

103 180 0.12 0.6 130 7860 77.73 3.09 14.66 107.89 66.01 0.32 

104 180 0.12 0.8 130 7860 103.64 3.09 14.66 143.85 88.01 0.43 

105 180 0.12 1 130 7860 129.55 3.09 14.66 179.81 110.02 0.54 

106 180 0.15 0.2 130 7860 32.39 2.47 14.66 44.95 27.50 0.13 

107 180 0.15 0.4 130 7860 64.77 2.47 14.66 89.91 55.01 0.27 

108 180 0.15 0.6 130 7860 97.16 2.47 14.66 134.86 82.51 0.40 

109 180 0.15 0.8 130 7860 129.55 2.47 14.66 179.81 110.02 0.54 

110 180 0.15 1 130 7860 161.93 2.47 14.66 224.77 137.52 0.67 

111 180 0.18 0.2 130 7860 38.86 2.06 14.66 53.94 33.00 0.16 

112 180 0.18 0.4 130 7860 77.73 2.06 14.66 107.89 66.01 0.32 

113 180 0.18 0.6 130 7860 116.59 2.06 14.66 161.83 99.01 0.49 

114 180 0.18 0.8 130 7860 155.46 2.06 14.66 215.78 132.02 0.65 
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115 180 0.18 1 130 7860 194.32 2.06 14.66 269.72 165.02 0.81 

116 180 0.21 0.2 130 7860 45.34 1.76 14.66 62.94 38.51 0.19 

117 180 0.21 0.4 130 7860 90.68 1.76 14.66 125.87 77.01 0.38 

118 180 0.21 0.6 130 7860 136.03 1.76 14.66 188.81 115.52 0.57 

119 180 0.21 0.8 130 7860 181.37 1.76 14.66 251.74 154.02 0.76 

120 180 0.21 1 130 7860 226.71 1.76 14.66 314.68 192.53 0.94 

121 180 0.24 0.2 130 7860 51.82 1.54 14.66 71.93 44.01 0.22 

122 180 0.24 0.4 130 7860 103.64 1.54 14.66 143.85 88.01 0.43 

123 180 0.24 0.6 130 7860 155.46 1.54 14.66 215.78 132.02 0.65 

124 180 0.24 0.8 130 7860 207.28 1.54 14.66 287.70 176.03 0.86 

125 180 0.24 1 130 7860 259.10 1.54 14.66 359.63 220.03 1.08 
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11. APPENDIX - D 

 ANN model results for training dataset 

Sr. No. 

Cutting 

speed 

(m/min) 

Feed rate 

(mm/tooth) 

Depth 

of cut 

(mm) 

BHN 
Density 

(Kg/m3) 

MRR 

(mm3/s) 

Machining 

time (Sec.) 

Tool life 

(Minutes) 

Tangential 

cutting 

force(N) 

Torque 

(Kgf.mm) 

Power 

(kW) 

1 140 0.12 0.2 130 7860 22.53 3.74 59.11 38.76 23.71 0.09 

2 140 0.12 0.4 130 7860 41.11 3.72 59.11 72.35 44.27 0.15 

3 140 0.12 0.6 130 7860 60.59 3.72 59.11 107.60 65.83 0.26 

4 140 0.12 0.8 130 7860 79.95 3.72 59.11 143.43 87.76 0.35 

5 140 0.12 1 130 7860 99.92 3.73 59.11 180.02 110.14 0.43 

6 140 0.15 0.2 130 7860 25.69 3.29 59.11 43.79 26.80 0.10 

7 140 0.15 0.4 130 7860 50.28 3.25 59.11 89.80 54.95 0.19 

8 140 0.15 0.6 130 7860 75.27 3.24 59.11 134.82 82.48 0.32 

9 140 0.15 0.8 130 7860 100.59 3.25 59.11 179.73 109.96 0.42 

10 140 0.15 1 130 7860 125.73 3.27 59.11 224.96 137.64 0.51 

11 140 0.18 0.2 130 7860 30.41 2.71 59.11 52.16 31.92 0.12 

12 140 0.18 0.4 130 7860 60.34 2.67 59.11 108.44 66.35 0.24 

13 140 0.18 0.6 130 7860 90.97 2.66 59.11 162.49 99.41 0.38 

14 140 0.18 0.8 130 7860 121.64 2.68 59.11 215.62 131.92 0.49 
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15 140 0.18 1 130 7860 151.02 2.68 59.11 269.63 164.96 0.61 

16 140 0.21 0.2 130 7860 35.96 2.33 59.11 62.41 38.19 0.15 

17 140 0.21 0.4 130 7860 70.15 2.30 59.11 125.81 76.98 0.29 

18 140 0.21 0.6 130 7860 106.01 2.30 59.11 188.45 115.30 0.44 

19 140 0.21 0.8 130 7860 140.96 2.30 59.11 250.84 153.47 0.58 

20 140 0.21 1 130 7860 176.06 2.28 59.11 314.43 192.38 0.73 

21 150 0.15 0.2 130 7860 26.51 2.96 40.32 43.89 26.85 0.11 

22 150 0.15 0.4 130 7860 53.67 2.92 40.33 89.63 54.83 0.21 

23 150 0.15 0.6 130 7860 80.75 2.92 40.32 134.83 82.48 0.35 

24 150 0.15 0.8 130 7860 107.91 2.94 40.31 179.84 110.02 0.47 

25 150 0.15 1 130 7860 135.04 2.96 40.30 225.11 137.72 0.57 

26 150 0.18 0.2 130 7860 31.77 2.37 40.32 52.26 31.98 0.13 

27 150 0.18 0.4 130 7860 64.57 2.34 40.33 108.31 66.26 0.27 

28 150 0.18 0.6 130 7860 97.56 2.34 40.33 162.58 99.46 0.42 

29 150 0.18 0.8 130 7860 130.28 2.35 40.32 215.85 132.05 0.55 

30 150 0.18 1 130 7860 162.07 2.35 40.31 269.90 165.13 0.68 

31 150 0.21 0.2 130 7860 37.90 2.06 40.32 62.47 38.22 0.16 

32 150 0.21 0.4 130 7860 75.23 2.04 40.33 125.75 76.93 0.33 

33 150 0.21 0.6 130 7860 113.74 2.04 40.33 188.66 115.42 0.49 

34 150 0.21 0.8 130 7860 151.08 2.04 40.32 251.24 153.71 0.64 
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35 150 0.21 1 130 7860 189.24 2.02 40.32 314.67 192.53 0.80 

36 150 0.24 0.2 130 7860 44.29 1.92 40.32 72.91 44.61 0.20 

37 150 0.24 0.4 130 7860 85.81 1.91 40.34 142.53 87.20 0.39 

38 150 0.24 0.6 130 7860 129.58 1.91 40.33 216.27 132.31 0.57 

39 150 0.24 0.8 130 7860 172.16 1.90 40.33 287.90 176.14 0.74 

40 150 0.24 1 130 7860 216.21 1.79 40.32 359.63 220.03 0.92 

41 160 0.12 0.2 130 7860 23.38 3.49 28.20 38.90 23.80 0.10 

42 160 0.12 0.4 130 7860 46.33 3.47 28.21 72.12 44.13 0.17 

43 160 0.12 0.6 130 7860 69.41 3.47 28.20 107.63 65.84 0.30 

44 160 0.12 0.8 130 7860 91.87 3.49 28.19 143.75 87.94 0.40 

45 160 0.12 1 130 7860 115.13 3.51 28.18 180.16 110.23 0.49 

46 160 0.18 0.2 130 7860 33.20 2.25 28.18 52.38 32.05 0.13 

47 160 0.18 0.4 130 7860 68.81 2.22 28.19 108.27 66.24 0.27 

48 160 0.18 0.6 130 7860 104.02 2.23 28.19 162.74 99.56 0.43 

49 160 0.18 0.8 130 7860 138.67 2.25 28.18 216.06 132.19 0.57 

50 160 0.18 1 130 7860 172.77 2.25 28.18 270.02 165.21 0.70 

51 160 0.21 0.2 130 7860 39.91 1.97 28.17 62.56 38.28 0.16 

52 160 0.21 0.4 130 7860 80.27 1.96 28.18 125.77 76.94 0.34 

53 160 0.21 0.6 130 7860 121.30 1.96 28.18 188.89 115.57 0.51 
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54 160 0.21 0.8 130 7860 160.90 1.96 28.18 251.54 153.90 0.66 

55 160 0.21 1 130 7860 201.63 1.94 28.19 314.67 192.55 0.84 

56 160 0.23 0.2 130 7860 44.53 1.89 28.16 69.51 42.53 0.19 

57 160 0.23 0.4 130 7860 87.88 1.88 28.17 136.90 83.76 0.38 

58 160 0.24 0.6 130 7860 138.57 1.85 28.17 216.61 132.53 0.59 

59 160 0.24 0.8 130 7860 183.93 1.84 28.18 287.97 176.20 0.77 

60 160 0.24 1 130 7860 229.84 1.74 28.19 359.63 220.03 0.96 

61 170 0.12 0.2 130 7860 23.89 3.38 20.12 38.98 23.85 0.10 

62 170 0.12 0.4 130 7860 49.23 3.36 20.12 72.04 44.08 0.18 

63 170 0.12 0.6 130 7860 74.11 3.37 20.11 107.68 65.88 0.30 

64 170 0.12 0.8 130 7860 98.06 3.40 20.10 143.88 88.03 0.41 

65 170 0.12 1 130 7860 122.95 3.43 20.09 180.09 110.19 0.51 

66 170 0.15 0.2 130 7860 28.38 2.66 20.12 44.11 26.99 0.11 

67 170 0.15 0.4 130 7860 60.79 2.64 20.12 89.44 54.72 0.22 

68 170 0.15 0.6 130 7860 91.86 2.66 20.12 134.98 82.58 0.37 

69 170 0.15 0.8 130 7860 122.41 2.69 20.11 180.04 110.16 0.50 

70 170 0.15 1 130 7860 153.41 2.72 20.11 225.06 137.72 0.61 

71 170 0.21 0.2 130 7860 42.08 1.90 20.14 62.64 38.33 0.17 

72 170 0.21 0.4 130 7860 85.56 1.89 20.14 125.72 76.92 0.35 

73 170 0.21 0.6 130 7860 129.05 1.89 20.14 188.97 115.62 0.53 
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74 170 0.21 0.8 130 7860 170.74 1.90 20.13 251.56 153.93 0.69 

75 170 0.21 1 130 7860 214.14 1.87 20.14 314.68 192.52 0.87 

76 170 0.24 0.2 130 7860 49.66 1.80 20.14 72.98 44.66 0.21 

77 170 0.24 0.4 130 7860 98.07 1.80 20.15 142.58 87.24 0.42 

78 170 0.24 0.6 130 7860 147.75 1.80 20.15 216.72 132.61 0.62 

79 170 0.24 0.8 130 7860 195.53 1.78 20.15 287.70 176.04 0.81 

80 170 0.24 1 130 7860 244.87 1.69 20.14 359.63 220.03 0.99 

81 180 0.12 0.2 130 7860 24.41 3.12 14.72 39.04 23.89 0.10 

82 180 0.12 0.4 130 7860 51.94 3.11 14.72 71.85 43.96 0.19 

83 180 0.12 0.6 130 7860 78.39 3.13 14.72 107.52 65.77 0.33 

84 180 0.12 0.8 130 7860 103.64 3.18 14.72 143.69 87.91 0.45 

85 180 0.12 1 130 7860 130.10 3.22 14.72 179.59 109.89 0.56 

86 180 0.15 0.2 130 7860 29.35 2.38 14.72 44.19 27.04 0.12 

87 180 0.15 0.4 130 7860 64.16 2.37 14.72 89.18 54.56 0.25 

88 180 0.15 0.6 130 7860 96.93 2.39 14.72 134.75 82.44 0.41 

89 180 0.15 0.8 130 7860 128.99 2.43 14.72 179.67 109.93 0.54 

90 180 0.15 1 130 7860 161.99 2.45 14.72 224.46 137.35 0.67 

91 180 0.18 0.2 130 7860 36.27 1.95 14.72 52.55 32.15 0.14 

92 180 0.18 0.4 130 7860 77.31 1.94 14.72 107.90 66.01 0.31 
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93 180 0.18 0.6 130 7860 116.60 1.95 14.72 162.50 99.42 0.49 

94 180 0.18 0.8 130 7860 154.83 1.97 14.72 215.62 131.94 0.64 

95 180 0.18 1 130 7860 194.39 1.96 14.72 269.69 164.96 0.79 

96 180 0.24 0.2 130 7860 52.20 1.71 14.71 72.87 44.59 0.23 

97 180 0.24 0.4 130 7860 103.74 1.71 14.71 142.19 87.00 0.46 

98 180 0.24 0.6 130 7860 156.16 1.71 14.71 216.30 132.36 0.67 

99 180 0.24 0.8 130 7860 207.43 1.70 14.72 287.53 175.86 0.86 

100 180 0.24 1 130 7860 258.75 1.61 14.71 359.63 220.03 1.04 
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12. APPENDIX - E 

 Comparison of Mathematical model and ANN model results for training dataset 

Sr No. 

Math 

MRR 

(mm
3

/s) 

ANN 

MRR 

(mm
3

/s) 

Error 

in %  

Math. 

Machi

ning 

time 

(Sec.) 

ANN 

Machi

ning 

time 

(Sec.) 

Error 

in %  

Math  

Tool 

life 

(Minut

es) 

ANN 

Tool 

life 

(Minut

es) 

Error 

in %  

Math.  

Tange

ntial 

cutting 

force 

(N) 

ANN 

Tange

ntial  

cutting 

Force 

(N) 

Error 

in %  

Math.  

Torque 

(Kgf.m

m) 

ANN 

Torque

(Kgf.m

m) 

Error 

in %  

Math 

Power

(kW) 

ANN 

Power

(kW) 

Error 

in %  

1  20.15 22.53 11.81 3.97 3.74 5.81 59.14 59.11 0.05 35.96 38.76 7.77 22.00 23.71 7.78 0.08 0.09 11.82 

2  40.30 41.11 2.01 3.97 3.72 6.25 59.14 59.11 0.05 71.93 72.35 0.59 44.01 44.27 0.61 0.17 0.15 8.12 

3  60.46 60.59 0.22 3.97 3.72 6.42 59.14 59.11 0.05 107.89 107.60 0.26 66.01 65.83 0.27 0.25 0.26 3.36 

4  80.61 79.95 0.82 3.97 3.72 6.22 59.14 59.11 0.05 143.85 143.43 0.29 88.01 87.76 0.29 0.34 0.35 5.26 

5  100.76 99.92 0.83 3.97 3.73 5.96 59.14 59.11 0.06 179.81 180.02 0.11 110.02 110.14 0.11 0.42 0.43 2.01 

6  25.19 25.69 1.99 3.18 3.29 3.53 59.14 59.11 0.06 44.95 43.79 2.59 27.50 26.80 2.58 0.10 0.10 0.71 

7  50.38 50.28 0.19 3.18 3.25 2.23 59.14 59.11 0.05 89.91 89.80 0.12 55.01 54.95 0.11 0.21 0.19 8.22 

8  75.57 75.27 0.40 3.18 3.24 1.95 59.14 59.11 0.05 134.86 134.82 0.03 82.51 82.48 0.03 0.31 0.32 0.96 

9  100.76 100.59 0.16 3.18 3.25 2.44 59.14 59.11 0.05 179.81 179.73 0.05 110.02 109.96 0.05 0.42 0.42 0.40 

10  125.95 125.73 0.17 3.18 3.27 2.91 59.14 59.11 0.05 224.77 224.96 0.09 137.52 137.64 0.09 0.52 0.51 2.07 

11  30.23 30.41 0.59 2.65 2.71 2.57 59.14 59.11 0.06 53.94 52.16 3.30 33.00 31.92 3.28 0.13 0.12 3.87 

12  60.46 60.34 0.20 2.65 2.67 0.84 59.14 59.11 0.05 107.89 108.44 0.52 66.01 66.35 0.52 0.25 0.24 5.06 

13  90.68 90.97 0.32 2.65 2.66 0.62 59.14 59.11 0.05 161.83 162.49 0.40 99.01 99.41 0.40 0.38 0.38 0.37 
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14  120.91 121.64 0.60 2.65 2.68 1.15 59.14 59.11 0.05 215.78 215.62 0.07 132.02 131.92 0.07 0.50 0.49 1.74 

15  151.14 151.02 0.08 2.65 2.68 1.31 59.14 59.11 0.06 269.72 269.63 0.04 165.02 164.96 0.04 0.63 0.61 2.56 

16  35.27 35.96 1.96 2.27 2.33 2.93 59.14 59.11 0.06 62.94 62.41 0.84 38.51 38.19 0.82 0.15 0.15 1.13 

17  70.53 70.15 0.54 2.27 2.30 1.37 59.14 59.11 0.05 125.87 125.81 0.05 77.01 76.98 0.04 0.29 0.29 1.19 

18  105.80 106.01 0.20 2.27 2.30 1.22 59.14 59.11 0.05 188.81 188.45 0.19 115.52 115.30 0.19 0.44 0.44 0.38 

19  141.06 140.96 0.08 2.27 2.30 1.42 59.14 59.11 0.05 251.74 250.84 0.36 154.02 153.47 0.36 0.59 0.58 2.04 

20  176.33 176.06 0.15 2.27 2.28 0.57 59.14 59.11 0.06 314.68 314.43 0.08 192.53 192.38 0.07 0.73 0.73 0.00 

21  26.99 26.51 1.77 2.96 2.96 0.13 40.32 40.32 0.02 44.95 43.89 2.37 27.50 26.85 2.36 0.11 0.11 3.29 

22  53.98 53.67 0.57 2.96 2.92 1.49 40.32 40.33 0.01 89.91 89.63 0.31 55.01 54.83 0.31 0.22 0.21 5.23 

23  80.97 80.75 0.27 2.96 2.92 1.60 40.32 40.32 0.00 134.86 134.83 0.02 82.51 82.48 0.04 0.34 0.35 5.05 

24  107.96 107.91 0.05 2.96 2.94 0.81 40.32 40.31 0.03 179.81 179.84 0.02 110.02 110.02 0.01 0.45 0.47 4.06 

25 134.95 135.04 0.07 2.96 2.96 0.15 40.32 40.30 0.06 224.77 225.11 0.15 137.52 137.72 0.15 0.56 0.57 1.36 

26 32.39 31.77 1.90 2.47 2.37 4.10 40.32 40.32 0.01 53.94 52.26 3.12 33.00 31.98 3.11 0.13 0.13 4.26 

27 64.77 64.57 0.31 2.47 2.34 5.47 40.32 40.33 0.02 107.89 108.31 0.39 66.01 66.26 0.38 0.27 0.27 1.10 

28 97.16 97.56 0.41 2.47 2.34 5.45 40.32 40.33 0.01 161.83 162.58 0.46 99.01 99.46 0.45 0.40 0.42 4.41 

29 129.55 130.28 0.56 2.47 2.35 4.83 40.32 40.32 0.01 215.78 215.85 0.03 132.02 132.05 0.03 0.54 0.55 1.61 

30 161.93 162.07 0.09 2.47 2.35 4.74 40.32 40.31 0.04 269.72 269.90 0.07 165.02 165.13 0.06 0.67 0.68 0.33 

31 37.78 37.90 0.31 2.12 2.06 2.79 40.32 40.32 0.01 62.94 62.47 0.75 38.51 38.22 0.74 0.16 0.16 0.54 

32 75.57 75.23 0.45 2.12 2.04 3.83 40.32 40.33 0.02 125.87 125.75 0.09 77.01 76.93 0.10 0.31 0.33 3.39 
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33 113.35 113.74 0.34 2.12 2.04 3.82 40.32 40.33 0.02 188.81 188.66 0.08 115.52 115.42 0.08 0.47 0.49 4.30 

34 151.14 151.08 0.04 2.12 2.04 3.65 40.32 40.32 0.00 251.74 251.24 0.20 154.02 153.71 0.20 0.63 0.64 1.00 

35 188.92 189.24 0.17 2.12 2.02 4.59 40.32 40.32 0.00 314.68 314.67 0.00 192.53 192.53 0.00 0.79 0.80 1.92 

36 43.18 44.29 2.57 1.85 1.92 3.82 40.32 40.32 0.00 71.93 72.91 1.36 44.01 44.61 1.37 0.18 0.20 9.07 

37 86.37 85.81 0.64 1.85 1.91 2.97 40.32 40.34 0.03 143.85 142.53 0.92 88.01 87.20 0.93 0.36 0.39 7.98 

38 129.55 129.58 0.03 1.85 1.91 2.84 40.32 40.33 0.03 215.78 216.27 0.23 132.02 132.31 0.22 0.54 0.57 5.40 

39 172.73 172.16 0.33 1.85 1.90 2.39 40.32 40.33 0.02 287.70 287.90 0.07 176.03 176.14 0.06 0.72 0.74 2.87 

40 215.91 216.21 0.14 1.85 1.79 3.11 40.32 40.32 0.01 359.63 359.63 0.00 220.03 220.03 0.00 0.90 0.92 2.40 

41 23.03 23.38 1.50 3.47 3.49 0.37 28.18 28.20 0.05 35.96 38.90 8.17 22.00 23.80 8.18 0.10 0.10 1.00 

42 46.06 46.33 0.59 3.47 3.47 0.17 28.18 28.21 0.08 71.93 72.12 0.27 44.01 44.13 0.27 0.19 0.17 10.47 

43 69.09 69.41 0.46 3.47 3.47 0.16 28.18 28.20 0.06 107.89 107.63 0.24 66.01 65.84 0.25 0.29 0.30 2.99 

44 92.12 91.87 0.28 3.47 3.49 0.49 28.18 28.19 0.02 143.85 143.75 0.07 88.01 87.94 0.08 0.38 0.40 4.95 

45 115.15 115.13 0.02 3.47 3.51 1.16 28.18 28.18 0.03 179.81 180.16 0.19 110.02 110.23 0.19 0.48 0.49 2.27 

46 34.55 33.20 3.89 2.32 2.25 2.91 28.18 28.18 0.02 53.94 52.38 2.90 33.00 32.05 2.89 0.14 0.13 8.51 

47 69.09 68.81 0.40 2.32 2.22 3.95 28.18 28.19 0.02 107.89 108.27 0.35 66.01 66.24 0.34 0.29 0.27 4.70 

48 103.64 104.02 0.37 2.32 2.23 3.70 28.18 28.19 0.01 161.83 162.74 0.56 99.01 99.56 0.55 0.43 0.43 0.65 

49 138.18 138.67 0.35 2.32 2.25 2.97 28.18 28.18 0.01 215.78 216.06 0.13 132.02 132.19 0.13 0.58 0.57 1.63 

50 172.73 172.77 0.02 2.32 2.25 2.96 28.18 28.18 0.02 269.72 270.02 0.11 165.02 165.21 0.11 0.72 0.70 2.05 

51 40.30 39.91 0.98 1.98 1.97 0.57 28.18 28.17 0.05 62.94 62.56 0.60 38.51 38.28 0.59 0.17 0.16 3.35 
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52 80.61 80.27 0.41 1.98 1.96 1.33 28.18 28.18 0.02 125.87 125.77 0.08 77.01 76.94 0.09 0.34 0.34 0.07 

53 120.91 121.30 0.33 1.98 1.96 1.18 28.18 28.18 0.01 188.81 188.89 0.05 115.52 115.57 0.04 0.50 0.51 0.97 

54 161.21 160.90 0.19 1.98 1.96 1.02 28.18 28.18 0.02 251.74 251.54 0.08 154.02 153.90 0.08 0.67 0.66 1.66 

55 201.52 201.63 0.05 1.98 1.94 2.18 28.18 28.19 0.01 314.68 314.67 0.00 192.53 192.55 0.01 0.84 0.84 0.28 

56 44.14 44.53 0.88 1.81 1.89 4.12 28.18 28.16 0.07 68.93 69.51 0.84 42.17 42.53 0.85 0.18 0.19 2.16 

57 88.28 87.88 0.45 1.81 1.88 3.46 28.18 28.17 0.04 137.86 136.90 0.70 84.35 83.76 0.70 0.37 0.38 3.09 

58 138.18 138.57 0.28 1.74 1.85 6.35 28.18 28.17 0.04 215.78 216.61 0.39 132.02 132.53 0.39 0.58 0.59 2.60 

59 184.25 183.93 0.17 1.74 1.84 5.81 28.18 28.18 0.03 287.70 287.97 0.09 176.03 176.20 0.10 0.77 0.77 0.66 

60 230.31 229.84 0.20 1.74 1.74 0.34 28.18 28.19 0.00 359.63 359.63 0.00 220.03 220.03 0.00 0.96 0.96 0.21 

61 24.47 23.89 2.39 3.27 3.38 3.25 20.13 20.12 0.08 35.96 38.98 8.38 22.00 23.85 8.39 0.10 0.10 4.06 

62 48.94 49.23 0.59 3.27 3.36 2.83 20.13 20.12 0.08 71.93 72.04 0.15 44.01 44.08 0.16 0.20 0.18 13.57 

63 73.41 74.11 0.95 3.27 3.37 3.08 20.13 20.11 0.11 107.89 107.68 0.19 66.01 65.88 0.20 0.31 0.30 0.32 

64 97.88 98.06 0.18 3.27 3.40 4.04 20.13 20.10 0.15 143.85 143.88 0.02 88.01 88.03 0.01 0.41 0.41 1.71 

65 122.35 122.95 0.49 3.27 3.43 4.96 20.13 20.09 0.20 179.81 180.09 0.15 110.02 110.19 0.16 0.51 0.51 0.34 

66 30.59 28.38 7.22 2.62 2.66 1.87 20.13 20.12 0.05 44.95 44.11 1.87 27.50 26.99 1.86 0.13 0.11 12.20 

67 61.18 60.79 0.63 2.62 2.64 1.05 20.13 20.12 0.04 89.91 89.44 0.52 55.01 54.72 0.52 0.25 0.22 11.75 

68 91.76 91.86 0.10 2.62 2.66 1.57 20.13 20.12 0.07 134.86 134.98 0.09 82.51 82.58 0.08 0.38 0.37 2.06 

69 122.35 122.41 0.05 2.62 2.69 2.92 20.13 20.11 0.10 179.81 180.04 0.13 110.02 110.16 0.13 0.51 0.50 2.51 

70 152.94 153.41 0.31 2.62 2.72 3.84 20.13 20.11 0.13 224.77 225.06 0.13 137.52 137.72 0.15 0.64 0.61 3.65 
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71 42.82 42.08 1.74 1.87 1.90 1.55 20.13 20.14 0.02 62.94 62.64 0.47 38.51 38.33 0.46 0.18 0.17 6.32 

72 85.65 85.56 0.11 1.87 1.89 1.06 20.13 20.14 0.03 125.87 125.72 0.12 77.01 76.92 0.12 0.36 0.35 2.54 

73 128.47 129.05 0.45 1.87 1.89 1.33 20.13 20.14 0.02 188.81 188.97 0.09 115.52 115.62 0.09 0.53 0.53 1.43 

74 171.29 170.74 0.32 1.87 1.90 1.47 20.13 20.13 0.01 251.74 251.56 0.07 154.02 153.93 0.06 0.71 0.69 3.55 

75 214.11 214.14 0.01 1.87 1.87 0.08 20.13 20.14 0.03 314.68 314.68 0.00 192.53 192.52 0.00 0.89 0.87 2.04 

76 48.94 49.66 1.47 1.63 1.80 10.27 20.13 20.14 0.06 71.93 72.98 1.47 44.01 44.66 1.48 0.20 0.21 2.82 

77 97.88 98.07 0.19 1.63 1.80 9.84 20.13 20.15 0.07 143.85 142.58 0.88 88.01 87.24 0.88 0.41 0.42 2.61 

78 146.82 147.75 0.63 1.63 1.80 9.82 20.13 20.15 0.07 215.78 216.72 0.44 132.02 132.61 0.45 0.61 0.62 0.67 

79 195.76 195.53 0.12 1.63 1.78 9.19 20.13 20.15 0.08 287.70 287.70 0.00 176.03 176.04 0.01 0.81 0.81 1.00 

80 244.70 244.87 0.07 1.63 1.69 3.66 20.13 20.14 0.02 359.63 359.63 0.00 220.03 220.03 0.00 1.02 0.99 2.58 

81 25.91 24.41 5.80 3.09 3.12 1.07 14.66 14.72 0.38 35.96 39.04 8.57 22.00 23.89 8.57 0.11 0.10 6.83 

82 51.82 51.94 0.24 3.09 3.11 0.87 14.66 14.72 0.38 71.93 71.85 0.11 44.01 43.96 0.10 0.22 0.19 11.22 

83 77.73 78.39 0.86 3.09 3.13 1.51 14.66 14.72 0.38 107.89 107.52 0.35 66.01 65.77 0.36 0.32 0.33 3.48 

84 103.64 103.64 0.00 3.09 3.18 2.99 14.66 14.72 0.38 143.85 143.69 0.11 88.01 87.91 0.12 0.43 0.45 5.20 

85 129.55 130.10 0.43 3.09 3.22 4.33 14.66 14.72 0.38 179.81 179.59 0.13 110.02 109.89 0.12 0.54 0.56 2.93 

86 32.39 29.35 9.39 2.47 2.38 3.71 14.66 14.72 0.38 44.95 44.19 1.69 27.50 27.04 1.68 0.13 0.12 13.05 

87 64.77 64.16 0.96 2.47 2.37 4.11 14.66 14.72 0.38 89.91 89.18 0.81 55.01 54.56 0.81 0.27 0.25 8.40 

88 97.16 96.93 0.24 2.47 2.39 3.26 14.66 14.72 0.38 134.86 134.75 0.08 82.51 82.44 0.09 0.40 0.41 1.62 

89 129.55 128.99 0.43 2.47 2.43 1.71 14.66 14.72 0.38 179.81 179.67 0.08 110.02 109.93 0.08 0.54 0.54 0.54 
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90 161.93 161.99 0.04 2.47 2.45 0.72 14.66 14.72 0.38 224.77 224.46 0.14 137.52 137.35 0.12 0.67 0.67 1.01 

91 38.86 36.27 6.68 2.06 1.95 5.50 14.66 14.72 0.38 53.94 52.55 2.59 33.00 32.15 2.58 0.16 0.14 10.91 

92 77.73 77.31 0.54 2.06 1.94 5.78 14.66 14.72 0.38 107.89 107.90 0.01 66.01 66.01 0.00 0.32 0.31 3.33 

93 116.59 116.60 0.01 2.06 1.95 5.20 14.66 14.72 0.38 161.83 162.50 0.41 99.01 99.42 0.41 0.49 0.49 1.36 

94 155.46 154.83 0.40 2.06 1.97 4.43 14.66 14.72 0.38 215.78 215.62 0.07 132.02 131.94 0.06 0.65 0.64 1.37 

95 194.32 194.39 0.04 2.06 1.96 4.63 14.66 14.72 0.38 269.72 269.69 0.01 165.02 164.96 0.04 0.81 0.79 1.94 

96 51.82 52.20 0.74 1.54 1.71 10.98 14.66 14.71 0.38 71.93 72.87 1.31 44.01 44.59 1.32 0.22 0.23 7.36 

97 103.64 103.74 0.10 1.54 1.71 10.77 14.66 14.71 0.38 143.85 142.19 1.16 88.01 87.00 1.15 0.43 0.46 7.25 

98 155.46 156.16 0.45 1.54 1.71 10.79 14.66 14.71 0.38 215.78 216.30 0.24 132.02 132.36 0.26 0.65 0.67 3.62 

99 207.28 207.43 0.08 1.54 1.70 10.17 14.66 14.72 0.38 287.70 287.53 0.06 176.03 175.86 0.09 0.86 0.86 0.04 

100 259.10 258.75 0.13 1.54 1.61 4.49 14.66 14.71 0.36 359.63 359.63 0.00 220.03 220.03 0.00 1.08 1.04 3.15 
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13. APPENDIX - F 

 ANN model results for testing dataset 

Sr. 

No. 

Cutting 

speed 

(m/min) 

Feed rate 

(mm/tooth) 

Depth 

of cut 

(mm) 

BHN 
Density 

(Kg/m3) 

MRR 

(mm3/s) 

Machining 

time (Sec.) 

Tool life 

(Minutes) 

Tangential 

cutting 

force(N) 

Torque 

(Kgf.mm) 

Power 

(kW) 

1 140 0.24 0.2 130 7860 41.76 2.15 59.11 72.90 44.61 0.18 

2 140 0.24 0.4 130 7860 79.80 2.12 59.11 142.49 87.19 0.35 

3 140 0.24 0.6 130 7860 120.44 2.12 59.11 215.87 132.07 0.51 

4 140 0.24 0.8 130 7860 159.91 2.11 59.11 287.58 175.94 0.67 

5 140 0.24 1 130 7860 200.58 1.97 59.11 359.63 220.03 0.86 

6 150 0.12 0.2 130 7860 22.93 3.58 40.31 38.83 23.76 0.10 

7 150 0.12 0.4 130 7860 43.68 3.55 40.32 72.20 44.18 0.17 

8 150 0.12 0.6 130 7860 64.98 3.55 40.32 107.57 65.81 0.29 

9 150 0.12 0.8 130 7860 85.93 3.56 40.30 143.55 87.82 0.39 

10 150 0.12 1 130 7860 107.56 3.58 40.29 180.08 110.17 0.48 

11 160 0.15 0.2 130 7860 27.39 2.82 28.19 44.00 26.92 0.11 

12 160 0.15 0.4 130 7860 57.11 2.79 28.20 89.54 54.78 0.22 

13 160 0.15 0.6 130 7860 86.19 2.79 28.19 134.93 82.54 0.36 

14 160 0.15 0.8 130 7860 115.07 2.82 28.19 180.00 110.13 0.48 
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15 160 0.15 1 130 7860 144.15 2.84 28.18 225.20 137.79 0.59 

16 170 0.18 0.2 130 7860 34.78 2.13 20.13 52.49 32.12 0.13 

17 170 0.18 0.4 130 7860 73.29 2.12 20.13 108.19 66.19 0.28 

18 170 0.18 0.6 130 7860 110.68 2.13 20.13 162.80 99.61 0.45 

19 170 0.18 0.8 130 7860 147.17 2.15 20.12 216.08 132.21 0.59 

20 170 0.18 1 130 7860 183.47 2.15 20.12 269.85 165.12 0.74 

21 180 0.21 0.2 130 7860 44.08 1.78 14.72 62.62 38.32 0.18 

22 180 0.21 0.4 130 7860 90.29 1.77 14.72 125.39 76.72 0.38 

23 180 0.21 0.6 130 7860 136.00 1.78 14.72 188.60 115.40 0.58 

24 180 0.21 0.8 130 7860 179.83 1.78 14.72 251.10 153.65 0.74 

25 180 0.21 1 130 7860 232.15 1.75 14.71 317.94 194.11 0.93 
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14. APPENDIX - G 

 Comparison of Mathematical model and ANN model results for testing dataset 

Sr 

No. 

Math 

MRR 

(mm
3

/s) 

ANN 

MRR 

(mm
3

/s) 

Error   

in % 

Math. 

Machi

ning 

time 

(Sec.) 

ANN 

Machi

ning 

time 

(Sec.) 

Error   

in % 

Math.  

Tool 

life in 

Minut

es 

ANN 

Tool 

life in 

Minut

es 

Error   

in % 

Math.  

Tange

ntial 

cutting 

force 

(N) 

ANN 

Tange

ntial  

cutting 

force 

(N) 

Error   

in % 

Math.  

Torqu

e 

(Kgf.

mm) 

ANN 

Torqu

e 

(Kgf.

mm) 

Error   

in % 

Math 

Power

(kW) 

ANN 

Power

(kW) 

Error   

in % 

1 40.30 41.76 3.60 1.98 2.15 8.19 59.14 59.11 0.06 71.93 72.90 1.35 44.01 44.61 1.37 0.17 0.18 5.45 

2 80.61 79.80 1.01 1.98 2.12 6.85 59.14 59.11 0.06 143.85 142.49 0.94 88.01 87.19 0.94 0.34 0.35 2.97 

3 120.91 120.44 0.39 1.98 2.12 6.60 59.14 59.11 0.05 215.78 215.87 0.04 132.02 132.07 0.04 0.50 0.51 1.56 

4 161.21 159.91 0.81 1.98 2.11 6.18 59.14 59.11 0.06 287.70 287.58 0.04 176.03 175.94 0.05 0.67 0.67 0.30 

5 201.52 200.58 0.47 1.98 1.97 0.76 59.14 59.11 0.06 359.63 359.63 0.00 220.03 220.03 0.00 0.84 0.86 2.02 

6 21.59 22.93 6.21 3.71 3.58 3.48 40.32 40.31 0.03 35.96 38.83 7.96 22.00 23.76 7.97 0.09 0.10 6.91 

7 43.18 43.68 1.15 3.71 3.55 4.07 40.32 40.32 0.00 71.93 72.20 0.38 44.01 44.18 0.39 0.18 0.17 6.51 

8 64.77 64.98 0.32 3.71 3.55 4.21 40.32 40.32 0.01 107.89 107.57 0.29 66.01 65.81 0.31 0.27 0.29 7.34 

9 86.37 85.93 0.51 3.71 3.56 3.79 40.32 40.30 0.05 143.85 143.55 0.21 88.01 87.82 0.22 0.36 0.39 9.26 

10 107.96 107.56 0.37 3.71 3.58 3.30 40.32 40.29 0.09 179.81 180.08 0.15 110.02 110.17 0.14 0.45 0.48 5.89 

11 28.79 27.39 4.85 2.78 2.82 1.38 28.18 28.19 0.02 44.95 44.00 2.12 27.50 26.92 2.11 0.12 0.11 8.14 

12 57.58 57.11 0.81 2.78 2.79 0.23 28.18 28.20 0.05 89.91 89.54 0.41 55.01 54.78 0.42 0.24 0.22 8.94 

13 86.37 86.19 0.20 2.78 2.79 0.41 28.18 28.19 0.04 134.86 134.93 0.05 82.51 82.54 0.04 0.36 0.36 0.98 
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14 115.15 115.07 0.07 2.78 2.82 1.47 28.18 28.19 0.00 179.81 180.00 0.11 110.02 110.13 0.10 0.48 0.48 0.29 

15 143.94 144.15 0.14 2.78 2.84 2.27 28.18 28.18 0.02 224.77 225.20 0.19 137.52 137.79 0.20 0.60 0.59 1.59 

16 36.71 34.78 5.25 2.18 2.13 2.11 20.13 20.13 0.01 53.94 52.49 2.69 33.00 32.12 2.68 0.15 0.13 11.91 

17 73.41 73.29 0.17 2.18 2.12 2.80 20.13 20.13 0.00 107.89 108.19 0.28 66.01 66.19 0.28 0.31 0.28 7.34 

18 110.12 110.68 0.51 2.18 2.13 2.32 20.13 20.13 0.02 161.83 162.80 0.60 99.01 99.61 0.60 0.46 0.45 2.12 

19 146.82 147.17 0.24 2.18 2.15 1.50 20.13 20.12 0.05 215.78 216.08 0.14 132.02 132.21 0.15 0.61 0.59 3.97 

20 183.53 183.47 0.03 2.18 2.15 1.58 20.13 20.12 0.06 269.72 269.85 0.05 165.02 165.12 0.06 0.76 0.74 3.72 

21 45.34 44.08 2.78 1.76 1.78 0.70 14.66 14.72 0.38 62.94 62.62 0.49 38.51 38.32 0.48 0.19 0.18 3.50 

22 90.68 90.29 0.44 1.76 1.77 0.51 14.66 14.72 0.38 125.87 125.39 0.38 77.01 76.72 0.38 0.38 0.38 1.85 

23 136.03 136.00 0.02 1.76 1.78 0.81 14.66 14.72 0.38 188.81 188.60 0.11 115.52 115.40 0.10 0.57 0.58 1.81 

24 181.37 179.83 0.85 1.76 1.78 0.91 14.66 14.72 0.38 251.74 251.10 0.25 154.02 153.65 0.24 0.76 0.74 1.51 

25 226.71 232.15 2.40 1.76 1.75 0.68 14.66 14.71 0.38 314.68 317.94 1.04 192.53 194.11 0.82 0.94 0.93 1.49 
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15. APPENDIX - H 

 Experimental results  

Sr. 

No. 

Cutting 

speed 

(m/min) 

Feed rate 

(mm/tooth) 

Depth of 

cut (mm) 
BHN 

Density 

(Kg/m3) 

MRR 

(mm3/s) 

Machining 

time (Sec.) 

Tangential 

cutting 

Force(N) 

Torque 

(Kgf.mm) 

Power 

(kW) 

1 140 0.24 0.2 130 7860 38.10 2.10 80.85 40.16 0.19 

2 140 0.24 0.4 130 7860 73.06 2.19 151.00 76.59 0.35 

3 140 0.24 0.6 130 7860 102.56 2.34 227.52 113.10 0.53 

4 140 0.24 0.8 130 7860 152.38 2.10 279.91 153.89 0.65 

5 140 0.24 1 130 7860 222.22 1.80 364.48 210.15 0.85 

6 150 0.12 0.2 130 7860 25.81 3.10 38.26 31.37 0.10 

7 150 0.12 0.4 130 7860 49.54 3.23 79.48 42.40 0.20 

8 150 0.12 0.6 130 7860 72.51 3.31 112.87 70.02 0.28 

9 150 0.12 0.8 130 7860 98.46 3.25 151.96 82.15 0.38 

10 150 0.12 1 130 7860 117.99 3.39 159.22 116.19 0.40 

11 160 0.15 0.2 130 7860 33.33 2.40 39.75 31.26 0.11 

12 160 0.15 0.4 130 7860 57.97 2.76 101.41 51.39 0.27 

13 160 0.15 0.6 130 7860 93.75 2.56 142.55 77.53 0.38 

14 160 0.15 0.8 130 7860 133.33 2.40 160.45 113.10 0.43 
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15 160 0.15 1 130 7860 159.36 2.51 242.45 117.13 0.65 

16 170 0.18 0.2 130 7860 34.78 2.30 60.63 29.79 0.17 

17 170 0.18 0.4 130 7860 69.87 2.29 98.71 73.55 0.28 

18 170 0.18 0.6 130 7860 107.62 2.23 170.48 102.11 0.48 

19 170 0.18 0.8 130 7860 144.14 2.22 240.66 122.15 0.68 

20 170 0.18 1 130 7860 171.67 2.33 281.52 179.73 0.80 

21 180 0.21 0.2 130 7860 47.06 1.70 76.04 31.27 0.23 

22 180 0.21 0.4 130 7860 91.43 1.75 120.22 82.05 0.36 

23 180 0.21 0.6 130 7860 131.87 1.82 202.12 122.91 0.61 

24 180 0.21 0.8 130 7860 172.04 1.86 235.60 174.58 0.71 

25 180 0.21 1 130 7860 207.25 1.93 319.26 202.19 0.96 
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16. APPENDIX - I 

 Comparison between Experimental results  and Mathematical model results 

Sr 

No. 

Exp. 

MRR 

(mm
3

/s) 

Math. 

MRR 

(mm
3

/s) 

Error 

in % 

Exp. 

Machi

ning 

time 

(Sec.) 

Math. 

Machi

ning 

time 

(Sec.) 

Error 

in % 

Exp.  

Tange

ntial 

cutting 

force 

(N) 

Math. 

Tange

ntial  

cutting 

force 

(N) 

Error 

in % 

Exp.  

Torque 
(Kgf.mm) 

Math.  

Torque 
(Kgf.mm) 

Error 

in % 

Exp. 

Power 

(kW) 

Math. 

Power 

(kW) 

Error 

in % 

1 38.10 40.30 5.80 2.10 1.98 5.48 80.85 71.93 11.03 40.16 44.01 9.58 0.19 0.17 11.03 

2 73.06 80.61 10.33 2.19 1.98 9.36 151.00 143.85 4.73 76.59 88.01 14.92 0.35 0.34 4.73 

3 102.56 120.91 17.89 2.34 1.98 15.17 227.52 215.78 5.16 113.10 132.02 16.73 0.53 0.50 5.16 

4 152.38 161.21 5.80 2.10 1.98 5.48 279.91 287.70 2.79 153.89 176.03 14.38 0.65 0.67 2.79 

5 222.22 201.52 9.32 1.80 1.98 10.27 364.48 359.63 1.33 210.15 220.03 4.70 0.85 0.84 1.33 

6 25.81 21.59 16.33 3.10 3.71 19.52 38.26 35.96 6.00 31.37 22.00 29.85 0.10 0.09 6.00 

7 49.54 43.18 12.83 3.23 3.71 14.71 79.48 71.93 9.50 42.40 44.01 3.79 0.20 0.18 9.50 

8 72.51 64.77 10.67 3.31 3.71 11.94 112.87 107.89 4.41 70.02 66.01 5.72 0.28 0.27 4.41 

9 98.46 86.37 12.29 3.25 3.71 14.01 151.96 143.85 5.34 82.15 88.01 7.14 0.38 0.36 5.34 

10 117.99 107.96 8.51 3.39 3.71 9.30 159.22 179.81 12.93 116.19 110.02 5.31 0.40 0.45 12.93 

11 33.33 28.79 13.63 2.40 2.78 15.79 39.75 44.95 13.11 31.26 27.50 12.01 0.11 0.12 13.11 

12 57.97 57.58 0.68 2.76 2.78 0.68 101.41 89.91 11.34 51.39 55.01 7.04 0.27 0.24 11.34 

13 93.75 86.37 7.88 2.56 2.78 8.55 142.55 134.86 5.39 77.53 82.51 6.43 0.38 0.36 5.39 
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14 133.33 115.15 13.63 2.40 2.78 15.79 160.45 179.81 12.07 113.10 110.02 2.73 0.43 0.48 12.07 

15 159.36 143.94 9.68 2.51 2.78 10.71 242.45 224.77 7.29 117.13 137.52 17.41 0.65 0.60 7.29 

16 34.78 36.71 5.53 2.30 2.18 5.24 60.63 53.94 11.03 29.79 33.00 10.78 0.17 0.15 11.03 

17 69.87 73.41 5.07 2.29 2.18 4.82 98.71 107.89 9.30 73.55 66.01 10.25 0.28 0.31 9.30 

18 107.62 110.12 2.32 2.23 2.18 2.26 170.48 161.83 5.07 102.11 99.01 3.03 0.48 0.46 5.07 

19 144.14 146.82 1.86 2.22 2.18 1.82 240.66 215.78 10.34 122.15 132.02 8.08 0.68 0.61 10.34 

20 171.67 183.53 6.90 2.33 2.18 6.46 281.52 269.72 4.19 179.73 165.02 8.18 0.80 0.76 4.19 

21 47.06 45.34 3.65 1.70 1.76 3.79 76.04 62.94 17.24 31.27 38.51 23.13 0.23 0.19 17.24 

22 91.43 90.68 0.82 1.75 1.76 0.82 120.22 125.87 4.70 82.05 77.01 6.14 0.36 0.38 4.70 

23 131.87 136.03 3.15 1.82 1.76 3.06 202.12 188.81 6.59 122.91 115.52 6.02 0.61 0.57 6.59 

24 172.04 181.37 5.42 1.86 1.76 5.14 235.60 251.74 6.85 174.58 154.02 11.77 0.71 0.76 6.85 

25 207.25 226.71 9.39 1.93 1.76 8.58 319.26 314.68 1.44 202.19 192.53 4.78 0.96 0.94 1.44 
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17. APPENDIX - J 

 Comparison between Experimental results  and ANN model results 

Sr 

No. 

Exp. 

MRR 

(mm
3

/s) 

ANN 

MRR 

(mm
3

/s) 

Error 

in % 

Exp. 

Machi

ning 

time 

(Sec.) 

ANN 

Machi

ning 

time 

(Sec.) 

Error 

in % 

Exp.  

Tange

ntial 

cutting 

force 

(N) 

ANN 

Tange

ntial  

cutting 

force 

(N) 

Error 

in % 

Exp.  

Torque 
(Kgf.mm) 

ANN 

Torque 
(Kgf.mm) 

Error 

in % 

Exp 

Power

(kW) 

ANN 

Power

(kW) 

Error 

in % 

1 38.10 41.76 9.61 2.10 2.15 2.26 80.85 72.90 9.83 40.16 44.61 11.07 0.19 0.18 6.18 

2 73.06 79.80 9.22 2.19 2.12 3.16 151.00 142.49 5.63 76.59 87.19 13.84 0.35 0.35 1.90 

3 102.56 120.44 17.43 2.34 2.12 9.57 227.52 215.87 5.12 113.10 132.07 16.78 0.53 0.51 3.68 

4 152.38 159.91 4.94 2.10 2.11 0.36 279.91 287.58 2.74 153.89 175.94 14.33 0.65 0.67 3.10 

5 222.22 200.58 9.74 1.80 1.97 9.44 364.48 359.63 1.33 210.15 220.03 4.70 0.85 0.86 0.66 

6 25.81 22.93 11.13 3.10 3.58 15.36 38.26 38.83 1.48 31.37 23.76 24.26 0.10 0.10 0.50 

7 49.54 43.68 11.83 3.23 3.55 10.04 79.48 72.20 9.15 42.40 44.18 4.19 0.20 0.17 15.39 

8 72.51 64.98 10.38 3.31 3.55 7.23 112.87 107.57 4.70 70.02 65.81 6.01 0.28 0.29 2.61 

9 98.46 85.93 12.73 3.25 3.56 9.69 151.96 143.55 5.53 82.15 87.82 6.90 0.38 0.39 3.43 

10 117.99 107.56 8.84 3.39 3.58 5.69 159.22 180.08 13.10 116.19 110.17 5.18 0.40 0.48 19.58 

11 33.33 27.39 17.82 2.40 2.82 17.38 39.75 44.00 10.71 31.26 26.92 13.86 0.11 0.11 3.89 

12 57.97 57.11 1.48 2.76 2.79 0.92 101.41 89.54 11.71 51.39 54.78 6.60 0.27 0.22 19.27 

13 93.75 86.19 8.06 2.56 2.79 9.00 142.55 134.93 5.34 77.53 82.54 6.47 0.38 0.36 4.46 
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14 133.33 115.07 13.70 2.40 2.82 17.49 160.45 180.00 12.19 113.10 110.13 2.63 0.43 0.48 12.40 

15 159.36 144.15 9.55 2.51 2.84 13.23 242.45 225.20 7.11 117.13 137.79 17.64 0.65 0.59 8.76 

16 34.78 34.78 0.01 2.30 2.13 7.24 60.63 52.49 13.43 29.79 32.12 7.81 0.17 0.13 21.63 

17 69.87 73.29 4.89 2.29 2.12 7.48 98.71 108.19 9.61 73.55 66.19 10.00 0.28 0.28 1.28 

18 107.62 110.68 2.84 2.23 2.13 4.53 170.48 162.80 4.50 102.11 99.61 2.45 0.48 0.45 7.08 

19 144.14 147.17 2.10 2.22 2.15 3.30 240.66 216.08 10.21 122.15 132.21 8.24 0.68 0.59 13.90 

20 171.67 183.47 6.87 2.33 2.15 7.94 281.52 269.85 4.15 179.73 165.12 8.13 0.80 0.74 7.75 

21 47.06 44.08 6.32 1.70 1.78 4.52 76.04 62.62 17.65 31.27 38.32 22.53 0.23 0.18 20.14 

22 91.43 90.29 1.25 1.75 1.77 1.33 120.22 125.39 4.30 82.05 76.72 6.50 0.36 0.38 6.64 

23 131.87 136.00 3.13 1.82 1.78 2.27 202.12 188.60 6.69 122.91 115.40 6.11 0.61 0.58 4.90 

24 172.04 179.83 4.53 1.86 1.78 4.28 235.60 251.10 6.58 174.58 153.65 11.99 0.71 0.74 5.24 

25 207.25 232.15 12.01 1.93 1.75 9.20 319.26 317.94 0.41 202.19 194.11 4.00 0.96 0.93 2.91 
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18. APPENDIX - K 

 Experimental  vs. ANN model vs. mathematical model results 

Sr 

No. 

Exp. 

MRR 

(mm
3

/s) 

ANN 

MRR 

(mm
3

/s) 

Math.  

MRR 

(mm
3

/s) 

Exp. 

Mach

ining 

time 

(Sec.) 

ANN 

Machi

ning 

time 

(Sec.) 

Math.  

Machi

ning 

time 

(Sec.) 

Exp.  

Tangen

tial 

cutting 

force 

(N) 

ANN 

Tange

ntial  

cuttin

g force 

(N) 

Math. 

Tange

ntial  

cutting 

force 

(N) 

Exp.  

Torque 
(Kgf.mm) 

ANN 

Torque 

(Kgf.mm) 

Math. 

Torque 
(Kgf.mm) 

Exp. 

Power

(kW) 

ANN 

Power

(kW) 

Math.  

Power

(kW) 

1 38.10 41.76 40.30 2.10 2.15 1.98 80.85 72.90 71.93 40.16 44.61 44.01 0.19 0.18 0.17 

2 73.06 79.80 80.61 2.19 2.12 1.98 151.00 142.49 143.85 76.59 87.19 88.01 0.35 0.35 0.34 

3 102.56 120.44 120.91 2.34 2.12 1.98 227.52 215.87 215.78 113.10 132.07 132.02 0.53 0.51 0.50 

4 152.38 159.91 161.21 2.10 2.11 1.98 279.91 287.58 287.70 153.89 175.94 176.03 0.65 0.67 0.67 

5 222.22 200.58 201.52 1.80 1.97 1.98 364.48 359.63 359.63 210.15 220.03 220.03 0.85 0.86 0.84 

6 25.81 22.93 21.59 3.10 3.58 3.71 38.26 38.83 35.96 31.37 23.76 22.00 0.10 0.10 0.09 

7 49.54 43.68 43.18 3.23 3.55 3.71 79.48 72.20 71.93 42.40 44.18 44.01 0.20 0.17 0.18 

8 72.51 64.98 64.77 3.31 3.55 3.71 112.87 107.57 107.89 70.02 65.81 66.01 0.28 0.29 0.27 

9 98.46 85.93 86.37 3.25 3.56 3.71 151.96 143.55 143.85 82.15 87.82 88.01 0.38 0.39 0.36 

10 117.99 107.56 107.96 3.39 3.58 3.71 159.22 180.08 179.81 116.19 110.17 110.02 0.40 0.48 0.45 

11 33.33 27.39 28.79 2.40 2.82 2.78 39.75 44.00 44.95 31.26 26.92 27.50 0.11 0.11 0.12 

12 57.97 57.11 57.58 2.76 2.79 2.78 101.41 89.54 89.91 51.39 54.78 55.01 0.27 0.22 0.24 

13 93.75 86.19 86.37 2.56 2.79 2.78 142.55 134.93 134.86 77.53 82.54 82.51 0.38 0.36 0.36 
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14 133.33 115.07 115.15 2.40 2.82 2.78 160.45 180.00 179.81 113.10 110.13 110.02 0.43 0.48 0.48 

15 159.36 144.15 143.94 2.51 2.84 2.78 242.45 225.20 224.77 117.13 137.79 137.52 0.65 0.59 0.60 

16 34.78 34.78 36.71 2.30 2.13 2.18 60.63 52.49 53.94 29.79 32.12 33.00 0.17 0.13 0.15 

17 69.87 73.29 73.41 2.29 2.12 2.18 98.71 108.19 107.89 73.55 66.19 66.01 0.28 0.28 0.31 

18 107.62 110.68 110.12 2.23 2.13 2.18 170.48 162.80 161.83 102.11 99.61 99.01 0.48 0.45 0.46 

19 144.14 147.17 146.82 2.22 2.15 2.18 240.66 216.08 215.78 122.15 132.21 132.02 0.68 0.59 0.61 

20 171.67 183.47 183.53 2.33 2.15 2.18 281.52 269.85 269.72 179.73 165.12 165.02 0.80 0.74 0.76 

21 47.06 44.08 45.34 1.70 1.78 1.76 76.04 62.62 62.94 31.27 38.32 38.51 0.23 0.18 0.19 

22 91.43 90.29 90.68 1.75 1.77 1.76 120.22 125.39 125.87 82.05 76.72 77.01 0.36 0.38 0.38 

23 131.87 136.00 136.03 1.82 1.78 1.76 202.12 188.60 188.81 122.91 115.40 115.52 0.61 0.58 0.57 

24 172.04 179.83 181.37 1.86 1.78 1.76 235.60 251.10 251.74 174.58 153.65 154.02 0.71 0.74 0.76 

25 207.25 232.15 226.71 1.93 1.75 1.76 319.26 317.94 314.68 202.19 194.11 192.53 0.96 0.93 0.94 
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19. APPENDIX - L 

 Non dominated pareto optimal solution 

Sr 

No. 

Cutting 

speed 

(m/min)  

Feed rate 

(mm/tooth)  

Depth of 

cut (mm)  
BHN  

Density 

(Kg/m3)  
MRR 

(mm3/s) 

Machinin

g time 

(Sec.) 

Tool life 

(Minutes) 

Tangenti

al cutting 

Force(N) 

Torque 

(Kgf.mm) 

Power 

(kW) 

1 178.38 0.14 0.20 120 7860 134.21 2.72 15.46 41.33 25.29 0.12 

2 140.00 0.14 0.20 120 7860 76.09 2.72 59.38 41.33 25.29 0.10 

3 167.19 0.14 0.92 120 7860 25.40 3.40 22.15 192.28 117.64 0.54 

4 179.26 0.24 0.22 120 7860 57.77 1.56 15.04 77.55 47.45 0.23 

5 179.26 0.23 0.92 120 7860 41.33 2.09 15.04 312.84 191.41 0.93 

6 179.26 0.24 0.67 120 7860 249.58 1.56 15.04 240.98 147.44 0.72 

7 155.44 0.18 0.20 120 7860 184.58 2.11 33.21 54.24 33.18 0.14 

8 179.26 0.23 0.93 120 7860 52.23 1.65 15.04 316.46 193.62 0.95 

9 155.44 0.15 0.95 120 7860 36.39 3.24 33.21 208.20 127.38 0.54 

10 140.02 0.24 0.95 120 7860 229.33 1.56 59.34 341.67 209.04 0.80 

11 149.20 0.18 0.76 120 7860 32.33 2.67 41.69 202.82 124.09 0.50 

12 140.06 0.24 0.22 120 7860 148.13 1.56 59.23 77.55 47.45 0.18 

13 149.20 0.24 0.20 120 7860 249.58 1.56 41.69 73.33 44.87 0.18 
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14 140.00 0.24 0.42 120 7860 229.33 1.56 59.38 151.07 92.43 0.35 

15 140.00 0.14 0.20 120 7860 143.42 2.72 59.38 41.33 25.29 0.10 

16 179.26 0.24 0.22 120 7860 57.77 1.56 15.04 77.55 47.45 0.23 

17 179.26 0.23 0.80 120 7860 56.46 2.09 15.04 270.34 165.40 0.81 

18 167.19 0.14 0.92 120 7860 25.40 3.40 22.15 192.28 117.64 0.54 

 


