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Abstract— In machining operation, the quality of surface 

finish is an important requirement for many turned work 

pieces. In the present investigation the influence of process 

parameters like speed, feed, depth of cut in dry machining, 

are studied as surface roughness and material removal rate 

as the output. An artificial neural network (ANN) model 

was developed for the analysis and prediction of the 

relationship between input and output parameters during 

high-speed turning of nickel-based, nimonic-75, alloy. The 

input parameters of the ANN model are the cutting 

parameters: speed, feed rate, depth of cut, cutting time, and 

coolant pressure. The output parameters of the model are 

two measured during the machining trials, namely surface 

roughness (Ra) and material removal rate (MRR). The 

model can be used for the analysis and prediction of the 

complex relationship between cutting conditions and the 

output parameters in metal-cutting operations and for the 

optimization of the cutting process for efficient and 

economic production. 
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I. INTRODUCTION 

Machining super alloys has become an important 

manufacturing process, particularly in the automotive, 

aerospace and gas turbine industries. There are many 

advantages of dry machining, such as increased flexibility, 

decreased cycle times, reductions in machine tool costs, and 

elimination of environmentally hazardous cutting fluids. 

A. Machining Processes 

Machining can be defined as the process of removing 

material from a work piece in the form of chips. The term 

metal cutting is used when the material is metallic. 

Machining is necessary where tight tolerances on 

dimensions and finishes are required. 

 
Fig. 1: Basic Turning Operation 

B. Basic Turning Operation 

It is the most prevalent lathe operation. A single-point 

cutting tool is moved on a precise path with respect to a 

rotating workpiece. When the tool moves parallel to the axis 

of rotation and at a distance that will remove the outer 

surface of the workpiece 

C. Working Principal of Lathe Machine 

The main function of a lathe is to remove metal from a job 

to give it the required shape and size. The job is secure1y 

and rigidly held in the chuck or in between centers on the 

lathe machine and then turn it against a single point cutting 

tool which will remove metal from the job in the form of 

chips. 

D. CNC Lathe 

CNC lathes are rapidly replacing the older production lathes 

(multi spindle, etc.) due to their ease of setting and 

operation. They are designed to use modern carbide tooling 

and fully use modern processes. 

E. Single Point Cutting Tool 

Single-point cutting tools have one principal cutting edge. 

Such tools are classified into three categories: solid tool, 

brazed tool, and inserted bit type tool. 

F. Factors Affecting the Surface Finish 

Depth of cut: Increasing the depth of cut increases the 

cutting resistance and the amplitude of vibrations. As a 

result, cutting temperature also rises. 

G. Feed 

 Experiments show that as feed rate increases surface 

roughness also increases due to the increase in cutting force 

and vibration. 

H. Cutting Speed 

It is found that an increase of cutting speed generally 

improves surface quality. 

1) Engagement of the Cutting Tool: 

This factor acts in the same way as the depth of cut. 

2) Cutting Tool Wears: 

The irregularities of the cutting edge due to wear are 

reproduced on the machined surface. 

II. DESIGN OF EXPERIMENTS AN EXPERIMENTAL PLAN 

A.  Design of Experiments 

 In the recent past, the application of DOE has gained 

acceptance in the as an essential tool for improving the 

quality of goods and services. This recognition is partially 

due to the work of Taguchi, a Japanese quality expert, who 

promoted the use of DOE in designing robust products. 

1) Selection of Response Variable (Output): 

After project definition, we need to select the response 

variable y. In selecting this variable, the experimenter 

should determine if it could provide useful information 

about the process under study. 
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2) Choice of Factors, Levels, and Ranges:  

Actually, steps 2 and 3 can be done simultaneously. It is 

desirable to identify all the important factors which may 

significantly influence the response variable. 

3) Full Factorial Design of Experiments: 

In statistics, a full factorial experiment is an experiment 

whose design consists of two or more factors, each with 

discrete possible values or "levels", and whose experimental 

units take on all possible combinations of these levels across 

all such factors. 

 
Fig. 2: Experimental Setup 

B. Work Material: 

NIMONIC® alloy 75 (UNS N06075/W.Nr. 2.4951 & 

2.4630) is an 80/20 nickel-chromium alloy with controlled 

additions of titanium and carbon. 

C. Cutting Tool: 

NIMONIC75 is hard and tough material, so for the finishing 

purpose PVD TiAlN coating carbide tool is used which is 

“KENNAMETAL” made, KC5010 grade Tungsten carbide 

insert. 

III. ARTIFICIAL NEURAL NETWORKS 

An artificial neural network (ANN), usually called neural 

network (NN), is a mathematical model or computational 

model that is inspired by the structure and/or functional 

aspects of biological neural networks. 

Steps involved in neural network model: 

1) Fixing the number of nodes in input and output layer. 

2) Input and output normalization. 

3) Fixing the number of hidden layers. 

4) Fixing the number of hidden nodes in each hidden 

layer. 

5) Optimizing the values of learning rate η and the 

momentum coefficient α. 

 
Fig. 3: Artificial Neuron 

IV. RESULTS AND DISCUSSION 

The predicted values and experimental values of surface 

roughness and MRR for both training and testing are shown 

in the fig. From fig it is evident that network responded well 

for the testing data as well. 

exp no 
measured 

values 

predicted 

values 

percentage of 

error 

1 0.37 0.3577 3.32 

2 0.44 0.365 17.04 

3 0.21 0.2014 4.09 

4 0.54 0.527 2.40 

5 0.37 0.3321 10.24 

6 0.68 0.653 3.97 

7 0.34 0.286 15.88 

8 0.46 0.4286 6.82 

9 0.47 0.4652 1.02 

10 0.8 0.7954 0.57 

Table 1: Measured and predicted Ra values 

exp no 
measured 

values 

predicted 

values 

percentage of 

Error 

1 302.0231 362.3 19.95 

2 643.5643 741.5 15.21 

3 455.6543 440.181 3.39 

4 1083.456 1147.5 5.91 

5 497.8885 443.95 10.83 

6 1223.533 1300.194 6.26 

7 605.4886 589.81 2.58 

8 952.2243 949.365 0.30 

9 498.3644 544.35 9.22 

10 1530.051 1324.72 3.41 

Table 2: Measured and predicted MRR values 

 
Fig. 4: Experimental and predicted Ra values 

 
Fig. 5: Experimental and predicted MRR values 

V. CONCLUSIONS 

 Modeling of surface roughness and MRR has been done 

using artificial neural networks. 
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 Experiments are conducted at the production lab to get 

the data necessary for modeling. 

 The plot of experimental and predicted values from 

neural network shows that the network has been trained 

well and has good generalization ability. 

 The calculated mean relative errors of the network used 

for predicting surface roughness and MRR are found to 

be 6.53% and 8.70% respectively. These values show 

that the accuracy of neural network is good. 
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