
International Journal of Advances in Engineering & Technology, July, 2014. 

©IJAET                                                                                                          ISSN: 22311963 

980 Vol. 7, Issue 3, pp. 980-990  
  

A TUNE-IN OPTIMIZATION PROCESS OF AISI 4140 IN RAW 

TURNING OPERATION USING CVD COATED INSERT 

C. Rajesh 
Department of Mechanical Engineering, Srikalahasteeswara Institute of Technology, 

Srikalahasthi -517640, Andhra Pradesh, India 
 

 

 

 

 

ABSTRACT 
In today's rapidly changing scenario in every manufacturing industry, aims at producing a large number of 

quality products within relatively lesser time. This invites optimization methods in metal cutting processes, 

considered to be a vital tool for continual improvement of output quality in products. In order to maximize the 

gains from raw turning operation of AISI 4140 alloy steel, an accurate model of process must be constructed. In 

this paper, an approach which incorporates Surface roughness, Material removal rate & Power consumption is 

presented for optimizing the cutting parameters in finish turning. And a tutorial is presented on constructed 

optimization process describing with Taguchi method, Artificial Neural networks and genetic algorithm (GA) 

developed specifically for problems with multiple objectives by using specialized fitness function and GONN’s is 

adapted for better acceptance. ANOVA are used to analyze the effect of cutting parameters on the quality 

characteristic of machined work piece. The approach is suitable for fast determination of optimum cutting 

parameters during machining, where there is not enough time for deep analysis. 

KEYWORDS: CVD coated insert, AISI 4140 alloy steel, Taguchi, ANOVA, ANN, GA, GONNs 

I. INTRODUCTION AND LITERATURE SURVEY 

The recent developments in science and technology have put tremendous pressure on manufacturing 

industries. The manufacturing industries are trying to decrease the cutting costs, increase the quality 

of the machined parts and machine more difficult materials. Machining efficiency is improved by 

reducing the machining time with high speed machining. When cutting ferrous and hard to machine 

materials such as steels, cast iron and super alloys, softening temperature and the chemical stability of 

the tool material limits the cutting speed. High speed machining has been the main objective of the 

Mechanical Engineering through ages. The trend to increase productivity has been the instrumental in 

invention of newer and newer cutting tools with respect to material and designs [1]. 

The development of machining technologies and practices over recent years has meant that designs 

that were difficult to manufacture can now be produced relatively easily. Also, tolerances and the 

resultant component alterations that were only a short time ago only achievable by the most highly 

perfected facilities can now be attained by much more ubiquitous equipment. Generally the industries 

having metal cutting operations have been suffering from various big problems since the optimum 

operating conditions for the machine tools cannot be easily achieved. The Industrial practitioners and 

researchers have been dealing with this area to overcome such problems [2]. 

In machining, determining optimal cutting conditions or parameters under the given machining 

situation is difficult in practice. Conventional way for selecting these conditions such as speed and 

feed rate has been based upon data from machining handbooks and/or on the experience and 

knowledge on the part of operator. Turning is the first most common method for cutting and 

especially for the finishing machined parts. Turning is a cutting operation in which the part is rotated 

as the tool is held against it on a machine called a lathe [4]. The raw stock that is used on a lathe is 

usually cylindrical, and the parts that are machined on it are rotational parts. In a turning operation, it 

is important task to select cutting parameters for achieving high cutting performance. Cutting 

parameters are reflected on surface roughness, surface texture and dimensional deviations of the 
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product (Nalbant, 2006). Surface finish obtained in manufacturing processes mainly depends on the 

combination of two aspects: the ideal surface finish provided by marks that manufacturing process 

produces on the surface and the actual surface finish which is generated taking into account 

irregularities and deficiencies that may appear in the process, changing manufacturing initial 

conditions (Arbizu and Perez, 2002).  

The surface texture of an engineering component was very important. The surface of every part 

includes some type of texture created by any combination of the following factors; the microstructure 

of the material, the action of the cutting tool, cutting tool instability, errors in tool guide ways and 

deformations caused by stress patterns in the component. It was affected by the machining processes 

by changes in the conditions of either the component or machine (Abouelatta and Madl, 2000).  

A machined surface carries a lot of valuable information about the process including tool wear, built-

up edge, vibrations, damaged machine elements etc. Consequently, a machined surface is a replica of 

the cutting edge which carries valuable information related to the tool condition i.e., sharpness or 

bluntness (Kasim et. al. 2006). (Chien & Chou,  2001)  applied  neural  networks  for modeling 

surface  roughness, cutting forces  and  cutting-tool life and  applied a GA to find optimum cutting 

conditions for maximizing the material removal rate under the constraints of the expected surface  

roughness and tool life [7]. (Cus & Balic, 2003) also applied GA for optimizing a multi-objective 

function based on minimum time necessary for manufacturing, minimum unit cost and minimum 

surface roughness. All the process models applied in his research were empirical formulas from 

machining handbooks which were fitted through regressions [11]. More complex models have also 

been applied for surface roughness and tool wear modeling to optimize off-line cutting parameters. 

(Zuperl & Cus, 2003) also applied and compared feed- forward neural networks for learning a multi-

objective function similar to the one presented in (Cus & Balic, 2003). It is nearly impossible to 

discuss all the works related to Taguchi methods. We have tried to mention the main articles that 

discuss the pros and cons of Taguchi’s contributions. There are several other papers that are listed in 

the Bibliography but specifically not discussed here. 

Organization of the work: 

Step1: Design of Experiments 

Step2: Taguchi Method Optimization 

Step3: Test Analysis of variance 

Step4: Multi-objective optimization - GA 

Step5: Artificial Intelligence (AI): Simulation of ANN 

Step6: Hybridization: GA + ANN = GONNs 

Step7: Is the objective satisfies? 

Step8: No, Tune-in optimum process 

Step9: yes, Store the optimum solution 

Step10:  Compare the optimum solutions and report the best solution 

II. MATERIALS AND EXPERIMENTATION 

Machine: The experiment was carried out on the precision centre lathe (PSG A141) which enables 

high precision machining and production of jobs. The main spindle runs on high precision roller 

taper bearings and is made from hardened and precision drawn nickel chromium steel. 

Technical Specifications are: centre height: 177.5mm, main motor power: 3hp, 30 longitudinal and 

transverse feeds. 

Work piece: Work piece of standard dimensions was used for machining: work piece diameter: 

50mm, work piece length: 300mm (approx.). 

The Cutting tool insert: The cutting selected for machining of AISI 4140 alloy steel was Chemical 

Vapor Deposition coated cermet insert of 0.4 and 0.8 mm nose radii, 2 - 15 micro-m thick. Coated tips 

typically have lives 10 times greater than uncoated tips. Common coating materials include titanium 

nitride, titanium carbide and aluminum oxide, because it had been found that CVD tool is best choice 

for machining of CRMOs due to its high wear resistance.  

Lathe Tool Dynamometer: The instrument used for the measurement of cutting force was multi-

component force indicator. This instrument comprises independent DC excitation supply for feeding 
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strain gauge bridges, signal processing systems to process and compute respective force values for 

direct independent display. Instrument operates on 230V, 50Hz AC mains.  

Surface Roughness measurement: The instrument used to measure surface roughness was 

SURFTEST (Mitutoyo Make). For a probe movement of 5mm, surface roughness readings were 

recorded at three locations on the work piece and the average value was used for analysis. 

 

Table 1: Process variables and their limits 
 

                Fig 1: Experimental Setup 
  

Table 2: Chemical composition of AISI 4140 [3] 

 

Chemical Composition of  AISI 4140 

C Si Mn S P Cr Ni Mo Fe 

0.20(max) 0.35(max) 0.50-1.00 0.040 0.040 0.75-1.25 1.00-1.50 0.08-0.15 Balance 

 

In this experiment, in order to investigate the surface roughness of the machined work piece and 

material removal rate, power consumption during cutting, a CVD coated tool was used. A view of the 

cutting zone and Experimental setup is shown in Fig. 1. The surface roughness of the finished work 

surface was measured with the help of a surface roughness tester and material removal rate, Power 

consumption are calculated as below type.  

The working ranges of the parameters for subsequent design of experiment, based on Taguchi’s L27 

Orthogonal Array (OA) design have been selected. In the present experimental study, spindle speed, 

feed rate and depth of cut have been considered as Process variables. The process variables with their 

units (and notations) are listed in Table 1. 
 

2.1 Experimental procedure  

Turning is a popularly used machining process. The lathe machines play a major role in modern 

machining industry to enhance product quality as well as productivity. In the present work, three 

levels, three factors and twenty seven experiments are identified. Appropriate selection of orthogonal 

array is the first step of Taguchi approach. According to Taguchi approach L27 orthogonal array has 

been selected. Cutting tests were carried out on lathe machine under dry conditions. A pre-cut with a 1 

mm depth of cut was performed on work piece of actual turning. This was done in order to remove the 

rust layer or hardened top layer from the outside surface and to minimize any effect of in homogeneity 

on the experimental results. After that, the weight of each samples have been measured accurately 

with the help of a high precision digital balance meter. Then, using different levels of the process 

parameters have been turned in lathe accordingly. Machining time, cutting forces for each sample has 

been calculated accordingly. After machining, weight of each machined parts have been again 

measured precisely with the help of the digital balance meter. Then surface roughness has been 

measured precisely with the help of a portable Mitutoyo SJ-201P surftest. The results of the 

experiments have been shown in table 3.a, 3.b & 3.c. 
 

2.2 Calculation of the Material removal rate 

Material removal rate (MRR) has been calculated from the difference of weight of workpiece before 

and after experiment by using the following formula. 

Factors Units Low Medium High 

 Speed rpm 740 580 450 

Feed mm/rev 0.09 0.07 0.05 

Depth of 

cut 
mm 0.25 0.20 0.10 
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MRR = W i – W f    mm3 / min 

                 ρ* t 

Where, Wi is the initial weight of work piece in g; Wf is the final weight of work piece in g; t is the 

machining time in minutes; ρ is the density of alloy steel (7.8 x 10-3 g/mm3). 

2.3 Calculation of the power consumed 

The cutting force system in 3D-turning consists of three forces: Fc is the largest force that accounts for 

99% the power required, Fa requires very small power because feed rates are very small, and Fr the 

radial force contributes very small also because velocity in the radial direction is negligible. Tool 

Dynamometer is used for determining forces 

Ignoring the thrust and radial forces, the total input power to cutting is given by:  

PC = Fc * V        

               V= Volume of MR / t * Fc * Fa 

               

III. DATA COLLECTION 

The results of the experiments have been shown in Table 3 (a) to (c). Analysis has been made based 

on those experimental data in the following session. Optimization of surface roughness, material 

removal rate and power consumption of the cutting tool has been made by Taguchi method and 

Genetic Algorithm coupled with Regression analysis, Analysis of Variance as well as Entropy 

concept. Confirmatory tests have also been conducted finally to validate optimal results. 
 

Table 3.a: Experimental Results L27 Orthogonal array 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3.b: Measurement of Material removal rate 

Speed Feed DOC Surface Roughness, Ra(µm) Speed Feed DOC 

1 1 1 3.7624 2.8209 2 2 3 

1 1 2 2.5408 4.2722 2 3 1 

1 1 3 2.6463 1.9945 2 3 2 

1 2 1 4.0304 1.9765 2 3 3 

1 2 2 2.2705 3.1275 3 1 1 

1 2 3 2.4472 1.9613 3 1 2 

1 3 1 4.3392 2.2436 3 1 3 

1 3 2 2.3151 3.5635 3 2 1 

1 3 3 2.5792 2.0062 3 2 2 

2 1 1 4.1644 2.8849 3 2 3 

2 1 2 2.3815 3.0145 3 3 1 

2 1 3 2.936 2.258 3 3 2 

2 2 1 4.3271 2.883 3 3 3 

2 2 2 2.6254 -- -- -- -- 

Sampl

e 

Numb

er 

Material 

removal 

rate 

mm3/min 

Sampl

e 

Numb

er 

Material 

removal 

rate 

mm3/min 
1 0.6234 15 0.1417 

2 0.2564 16 0.6594 

3 0.2685 17 0.3846 

4 0.7792 18 0.1948 
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Table 3.c: Measurement of Power consumed 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IV. DATA ANALYSES 

Experiment was conducted to assess the effect of Spindle speed, feed rate and depth of cut on the 

surface finish and machine power consumption. Table 3 illustrates the experimental results of Ra, 

MRR and PC. 
 

A. Taguchi method 

Taguchi Method is developed by Dr.Genichi Taguchi, a Japanese quality management Consultant, He 

has developed both the philosophy and methodology for the application of factorial design 

experiments that has taken the design of experiments from the exclusive world of the statistician and 

brought it more fully into the world of manufacturing. His contributions have also made the 

practitioner’s work simpler by advocating the use of fewer experimental designs, and providing a 

clearer understanding of the nature of variation and the economic consequences of quality engineering 

in the world of manufacturing and uses a statistical measure of performance called Signal-to-Noise 

(S/N) ratio. Taguchi methods seek to remove the effect of noises, he pointed out that the key element 

for achieving high quality and low cost is parameter design.  The S/N ratio takes both the mean and 

5 0.3550 19 0.1699 

6 0.3568 20 0.1687 

7 0.8727 21 0.0886 

8 0.3550 22 0.3108 

9 0.4918 23 0.3422 

10 0.5647 24 0.2331 

11 0.5273 25 0.1626 

12 0.5367 26 0.1553 

13 0.5648 27 0.1608 

14 0.1417 -- -- 

Sample 

Number 

Power 

consumed 

KW 

Sample 

Number 

Power 

consumed 

KW 

1 9.8829 15 3.3306 

2 3.1600 16 11.2389 

3 10.5607 17 3.7078 

4 20.8746 18 5.0348 

5 4.6130 19 3.6868 

6 10.1059 20 3.3031 

7 15.3542 21 2.1369 

8 3.6462 22 6.5768 

9 11.7180 23 4.2897 

10 17.9277 24 5.5792 

11 9.6427 25 2.9818 

12 5.0271 26 1.9107 

13 13.8077 27 3.1278 

14 1.4118 -- -- 
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the variability into account. The ratio depends on the quality Characteristics of the product/process to 

be optimized.  

The optimal setting is the parameter combination, which has the highest S/N ratio. The standard S/N 

ratios generally used are as follows: - Nominal is Best (NB), Lower the Better (LB) and Higher the 

Better (HB). Taguchi approach has potential for savings in experimental time and cost on product or 

process development and quality improvement. Quality is measured by the deviation of a functional 

characteristic from its target value. Through parameter design, levels of product and process factors 

are determined, such that the product’s functional characteristics are optimized and the effect of noise 

factors is minimized. 

Taguchi’s ideas can be distilled into two fundamental concepts: 

(a) Quality losses must be defined as deviations from targets, not conformance to specifications  

(b) Quality is designed, not manufactured, into the product. 

Main effect plot: 

The analysis is made with the help of a software package MINITAB 16. The main effect plots are 

shown inFig.2, 3 and 4.These show the variation of individual response with the three parameters i.e.  

speed, feed, and depth of cut separately. In the plots, the x-axis indicates the value of each process 

parameter at three level and y-axis the response value. Horizontal line indicates the mean value of the 

response. The main effects plots are used to determine the optimal design conditions to obtain the 

optimum surface roughness. Fig.2 shows the main effect plot for surface roughness. 

 

   

     Fig.2 Main effect plot for Ra              Fig.3 Main effect plot for MRR         Fig.4 Main effect plot for PC 

According to main effect plots for S/N ratio Fig. 3, the optimal conditions for minimum Ra, maximum 

MRR and minimum PC are: 

Table 4: Optimal turning conditions 
   

Responses Best-Levels 

Ra 3-1-2 

MRR 1-1-1 

Power Consumed 3-1-2 

B. Mathematical correlation 

The linear polynomial models are developed using commercially available Minitab 16 software for 

various turning parameters. The predictors are speed, feed and depth of cut. Linear regression 

equations are used to develop a statistical model with an objective to establish a correlation between 

the selected turning parameters with the quality characteristics of the machined work piece. The 

regression equation for Surface roughness (Eq. 1) (Ra) = 1.07 + 0.218 *(S) - 0.023 *(F) + 0.277 *(D); 

(Eq. 2) Material removal rate (MRR) = 1.67 x 10-5 + 1.76 *(S) + 0.110 *(F) + 0.586 *(D) and (Eq. 3) 

Power consumption (PC) = 3.04 x 10-5 + 1.79 *(S) - 0.409 *(F) + 0.175 *(D) 

Where Ra denotes the arithmetic average roughness-height (μm), D the depth of cut (mm), S the 

spindle speed (rpm), F the feed (mm/rev), R the coefficient of regression. 
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 C. Analysis of variance (ANOVA)  
 

Analysis of Variance (ANOVA) is a powerful analyzing tool which is used to identify significant of 

each parameter on output response. This is achieved by separating total variability of the S/N ratio, 

which is measured by the sum of squared deviation (SST) from total mean S/N ratio into contribution 

by each design parameters and the error. The F-value of each design parameter is a ratio of mean 

squared deviations to the mean squared error. The Minitab 16 Software is used to identify various 

terms in ANOVA. The table5, 6, and 7 shows the ANOVA for surface roughness, MRR and Power 

consumption. Study of ANOVA table for a given analysis helps to determine which of the factors 

need control and which do not. The ANOVA table shows effect individual effect of each parameter 

and interaction effect of each parameter on output response. 

ANOVA Terms & Notations: D.F =Degree of Freedom, S.S = Sum of Squares, M.S = Mean Square, 

F =Variance Ratio & C = Percentage Contribution. 

Table 5: ANOVA result for surface roughness Ra [95% confidence level] 
 

SOURCE D.F S.S M.S F C% 

(S) 2 0.8110 0.4055 1.89 5.69 

(F) 2 0.1219 0.0609 0.28 0.86 

(D) 2 12.499 6.2493 29.24 87.67 

SXF 4 0.0379 0.0095 0.05 0.27 

SXD 4 0.6894 0.1724 0.80 4.84 

FXD 4 0.0953 0.0239 0.11 0.67 

ERROR 8 1.6495 0.2062 

  TOTAL 26 14.254 

  

100 
 

Table 6: ANOVA result for Material removal rate (MRR) [95% confidence level] 

SOURCE DOF S.S M.S F C% 

(S) 2 0.3963 0.1982 0.93 48.03 

(F) 2 0.0037 0.0018 0.08 0.45 

(D) 2 0.3384 0.1691 0.81 41.02 

SXF 4 0.0203 0.0101 0.04 2.46 

SXD 4 0.0561 0.0280 0.14 6.80 

FXD 4 0.0101 0.0050 0.03 1.24 

ERROR 8 0.3611 0.0452 

  TOTAL 26 0.824997 

  

100 

Table 7: ANOVA result for Power consumption (PC) [95% confidence level] 
 

SOURCE DOF S.S M.S F C% 

(S) 2 204.0423 102.0212 477.38 36.46 

(F) 2 16.2641 8.1320 38.05 2.90 

(D) 2 247.1854 123.5927 578.33 44.18 

SXF 4 54.142 13.5355 63.34 9.67 

SXD 4 20.7271 5.1818 24.25 3.70 

FXD 4 17.2881 4.3220 20.23 3.09 

ERROR 8 207.5954 25.9494 

  TOTAL 26 559.6492 

  

100 

From ANOVA table for surface roughness it is clears that depth of cut (87.67%) is the major factor to 

be selected effectively to get the good surface finish. The interaction SXD (4.84%) has more influence 

than other two interactions. For material removal rate, speed (48.03%) is the major factor to be 

selected to get high removal of material. The interaction SXD (6.80%) has more influence than other 

two interactions. For power consumption (44.18%) is the major factor to be selected to get low 

machining power. The interaction SXD (9.67%) has more influence than other two interactions. 
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D. Artificial Neural networks (ANN) 

Artificial Neural Networks (ANN) are a branch of the field known as "Artificial Intelligence" (AI) 

which may also consists of Fuzzy logic (FL) and Genetic Algorithms (GA). ANN is based on the 

basic model of the human brain with capability of generalization and learning. The purpose of this 

simulation to the simple model of human neural cell is to acquire the intelligent features of these cells. 

The term "artificial" means that neural nets are implemented in computer programs that are able to 

handle the large number of necessary calculations during the learning process [12]. 

After conducting the DOE, an experimental database composed of 27 runs of 3 different cutting 

conditions was generated. Each sample was defined by: surface  roughness  (Ra), material removal 

rate  (MRR) and power consumption (PC).The experimental database was used  to learn  three  ANN  

process  models: (1) Ra,  (2) MRR,  (3) PC  state  model.  Before training the ANN, a statistical study 

was conducted for each model in order to discard those inputs variables that were not significant. The 

final inputs variables applied for each model and the main characteristics of the ANN models are 

shown in Table 8. 
 

Table 8: Characteristics of ANN models 

E. Genetic algorithm (GA) 

MATLAB is another software package that has many capabilities to solve engineering problems 

especially for constrained optimization problems. Genetic algorithms (GA) belong to the class of 

stochastic search optimization methods. The concept of GA was developed by Holland in the 1960s 

and 1970s [11]. These are the algorithms based on mechanics of natural selection and natural genetics, 

which are more robust and more likely to locate global optimum. Chromosomes are made of discrete 

units called genes, they assumed to be binary digits. GA operates with a collection of chromosomes 

called a population. The population is normally randomly initialized. Three genetic operators are used 

to accomplish this task: reproduction, crossover, and mutation. Reproduction involves selection of 

chromosomes for the next generation. This is also called the selection process. The crossover operator 

is the most important operator of GA. In crossover, generally two chromosomes, called parents, are 

combined together to form new chromosomes, called offspring. The parents are selected among 

existing chromosomes in the population with preference towards fitness so that offspring is expected 

to inherit good genes which make the parents fitter. The mutation operator introduces random changes 

into characteristics of chromosomes. Mutation is generally applied at the gene level. In typical GA 

implementations, the mutation rate is very small and depends on the length of the chromosome. 

Mutation plays a critical role in GA. Mutation reintroduces genetic diversity back into the population 

and assists the search escape from local optima. The foregoing three steps are repeated for successive 

Ra model MRR model PC model 

Type Back propagation Type Back propagation Type Back propagation 

Inputs S, F, doc Inputs S, F, doc Inputs S, F, doc 

Output Ra Output MRR Output PC 

Hidden 

Layers 

 

1 

Hidden 

Layers 

 

1 

Hidden 

Layers 

 

1 

Neurons 3 Neurons 3 Neurons 3 

Mapping 

functions 
Tran-sig 

Mapping 

functions 
Tran-sig 

Mapping 

functions 
Tran-sig 

Training 

Method 
Lev-Marq. 

Training 

Method 
Lev-Marq. 

Training 

Method 
Lev-Marq. 

Epochs 300 Epochs 300 Epochs 300 

Learning 

Rate 
0.1 

Learning 

Rate 
0.1 

Learning 

Rate 
0.1 
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generations of the population until no further improvement in fitness is attainable. Besides weighting 

factors and constraints, suitable parameters of GA are required to operate efficiently.  

Genetically optimized neural networks (GONNs) are the new inviting methods for complex 

optimization of cutting parameters, describes the multiobjective technique of optimization of cutting 

conditions by means of the neural networks taking into consideration the technological, economic and 

organizational limitations. The GA parameters along with relevant objective functions and set of 

machining performance constraints are imposed on GA optimization methodology to provide 

optimum cutting conditions. The multi-Objective fitness function is as following type. 

function y=simple_fitness(x) 

y=(w1*(k*x(1)^a*x(2)^b*x(3)^c)^-

1)+(w2*(k*x(1)^a*x(2)^b*x(3)^c))+(w3*(k*x(1)^a*x(2)^b*x(3)^c)^-1); 

FitnessFunction=@simple_fitness; 

E.1 Multi-objective GA 

GA optimization methodology is based on machining performance predictions models developed 

from a comprehensive system of theoretical analysis, experimental database and numerical methods. 

Being a population-based approach, GA are well suited to solve multi-objective optimization 

problems. A generic single-objective GA can be modified to find a set of multiple non-dominated 

solutions in a single run.  There are several multi-objective evolutionary algorithms; here Weight-

based Genetic Algorithm (WBGA) is implemented and its characteristics are shown in table 9. 

E.2 Weighted sum approaches to Fitness function 

The classical approach to solve a multi-objective optimization problem is to assign a weight Wi to 

each normalized objective function  f(x)  so that the problem is converted to a single objective 

problem with a scalar objective function as follows: 

y= w1 f1 (x) + w2 f2 (x) + …….. +wk f k (x) ……….  (1) 

Where f1 (x) is the normalized objective function and SUM (Wi) =1. This approach is called the priori 

approach since the user is expected to provide the weights, here the estimation of weights are done by 

Entropy Method [13]. Solving a problem with the objective function (1) for a given weight vector Wi 

= {w1, w2,...wk} yields a single solution, and if multiple solutions are desired, the problem must be 

solved multiple times with different weight combinations. The main difficulty with this approach is 

selecting a weight vector for each run. To automate this process; weight based genetic algorithm for 

multi-objective optimization, each solution in the population uses a different weight vector Wi = {w1, 

w2,.. wk} in the calculation of the summed objective function (1). The weight vector Wi is embedded 

within the chromosome of solution x i. Therefore, multiple solutions can be simultaneously searched 

in a single run. In addition, weight vectors can be adjusted to promote diversity of the population. 

Table 9: Characteristics of Genetic search algorithms 

                                       Genetic  Algorithm 

Variables to optimize Speed, Feed, Depth of cut 

Population Size 10 

Generations 15 

Crossover Frac. 0.8 

Elite Count 2 

Mutation function Gaussian 

Selection function Stochastic 

Boundary ranges S=[450,580,740], F=[0.05,0.07,0.09], Doc=[0.10,0.20,0.25] 

 

 
Stop criterium 

Stall Time: 6s 

Stall Generations: 7 
 

Table 10: Optimal Turning Conditions & Pin Point Optimal Values 
 

 

 
 

 

 
 

Responses S F D EXP MODEL 

(Eq. 1,2,3) 

GA GONNs 

Ra(µm) 450 0.09 0.20 1.96 2.18 2.24 2.10 

MRR(mm3/min) 740 0.09 0.25 0.62 0.59 0.66 0.62 

PC(KW) 450 0.09 0.20 3.30 3.41 3.53 3.35 
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F. Confirmation Experiment 

Table 10 shows the turning conditions, the pin point  optimal values of controlling factors, results 

obtained from the confirmation test, calculated from the developed model [Eq. 1,2,3], and identify in 

between the results. Therefore, Eq. (1,2,3) correlates the arithmetic mean surface roughness, material 

removal rate and power consumed  with the turning conditions (depth of cut,  speed, and feed) with a 

realistic degree of approximation. 

V. FUTURE WORK 

AI models are called black-box models, and they cannot be optimized with conventional optimization 

methods. Due to this limitation, a cutting parameter optimization methodology based on AI models 

requires an advanced search   methods for global optimization, such as Genetic Algorithms (GA) and 

Mesh Adaptive Direct Search (MADS) algorithms. For better and better acceptance hybrid of GA-

ANN and MADS-ANN ate can be used to find the global optimal solution in complex 

multidimensional search   spaces. 

VI. CONCLUSION 

There is general agreement that off-line experiments during product or process design stage are of 

great value. Reducing quality loss by designing the products and processes to be insensitive to 

variation in noise variables is a novel concept to statisticians and quality engineers.  

The fluctuation of average surface roughness (Ra), Material removal rate (MRR) and Power 

consumed (PC) values resulted from machining is explained by the fact that they depends on the 

turning parameters. 

Multiple regressions produced a satisfactory correlation for the prediction of output responses with 

reasonable degree of approximation. The ANOVA revealed that the depth of cut is the dominant 

parameter followed by speed for surface Roughness. In case of MRR response, the speed is the 

dominant one followed by the depth of cut and incase of PC response, depth of cut is the dominant 

one followed by feed 

Therefore, the above results (table 10) conclude that with-in the domain genetically optimized Neural 

Networks having better capability. GONNs has been the most popular heuristic approach to multi-

objective design and optimization problems. The aforesaid methods Taguchi, Regression, Artificial 

neural networks and Genetic-Algorithm can be applied for continuous quality improvement of the 

product/process and off-line quality control. 
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