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Abstract— CNC end milling is the most important milling 

process, widely used in the manufacturing industries due to 

its capability of producing complex geometric surfaces with 

responsible accuracy and surface finish along with flexibility 

and versatility. In order to build up a bridge between quality 

and productivity and to achieve the same in an economic way, 

the present study highlights optimization of CNC end milling 

process parameters to provide good surface finish and high 

material removal rate with less power consumption. In 

manufacturing context, multi-response optimization of 

machining processes is one of the most important areas of 

research to find out the best process environment for any 

machining operation. In this review literature survey for multi 

response optimization of CNC end milling is conducted and   

introduce a hybrid   metaheuristic method as GA & MLPNN, 

and a combination of Taguchi, GRA and KPCA for multi 

response optimization. 

Keywords: Multi response optimization, CNC end milling, 

GA, MLPNN, Taguchi, GRA, KPCA 

I. INTRODUCTION 

Todays’ fast changing manufacturing environment requires 

the applications of optimization techniques in manufacturing 

processes to effectively respond to severe competitiveness 

and to meet the increasing demand of customized quality 

product. Proper selection of machining parameter is an 

important step in automated process planning in order to 

increase the productivity, improve quality and to reduce the 

cost. Cutting forces provide the basis for surface accuracy 

prediction and improvement, tool wear rate, the energy 

consumption within the machine tool depending on power 

consumption and operating time.  Surface roughness is a 

mechanism of the technological quality of a product and a 

factor that greatly influences the manufacturing cost and 

quality. In this paper literature survey for multi response 

optimization of CNC end milling is done and it is found that 

there is a gap in simultaneous optimization of cutting forces, 

surface roughness and machining time. This work introduces 

a hybrid metaheuristic method as genetic algorithm and 

multi-layer perspective neural network and a combinatorial 

method as Taguchi, Grey Rational analysis (GRA) and 

Kernel Principal Component Analysis (KPCA) for multi 

response optimization. 

II. LITERATURE SURVEY 

Norfadzlan Yusup et..al[1] gives an overview and  the 

comparison of the latest five year  researches from 2007 to 

2011 that used evolutionary optimization techniques to 

optimize machining process parameter of both traditional and 

modern machining. Five techniques are considered, namely 

Genetic Algorithm (GA), Simulated Annealing (SA), Particle 

Swarm Optimization (PSO), Ant Colony Optimization 

(ACO) and Artificial Bee Colony (ABC) algorithm. 

Literature found that GA was widely applied by researchers 

to optimize the machining process parameters. In terms of 

machining performance, surface roughness was mostly 

studied with GA, SA, PSO, ACO and ABC evolutionary 

techniques. Sidda reddy et. al [2] in their study, minimization 

of surface roughness has been investigated by integrating 

design of experiment method, Response surface methodology 

(RSM) and genetic algorithm. To achieve the minimum 

surface roughness optimal conditions are determined. V. S. 

Thangarasu et. al [3] made an attempt to optimize the surface 

roughness and MRR of end milling by Taguchi based 

response surface methodology. This invites a multi-objective 

optimization problem which has been solved by design of 

experiment based optimization. The methodology has been 

found useful in optimization of more number of responses 

simultaneously with equal weight age. Bharat Chandra 

routara et.al [4] highlights a multi-objective optimization 

problem by applying utility concept coupled with Taguchi 

method through a case study in CNC end milling of UNS 

C34000 medium leaded brass. The study aimed at evaluating 

the best process   environment   which could simultaneously 

satisfy multiple requirements of surface quality. By Sanjit 

Moshat et. al [5] an attempt has been made to optimize quality 

attributes through surface roughness & MRR in a manner that 

these multi-criterions could be fulfilled simultaneously up to 

the expected level. This invites a multi-objective optimization 

problem which has been solved by PCA based Taguchi 

method. Patel K.P.et. al [6] experiments are conducted on AL 

6351 –T6 material with four factors and five levels and try to 

find out optimum surface roughness by using Taguchi 

method. This paper attempts to introduce how Taguchi 

parameter design could be used in identifying the significant 

processing parameters and optimizing the surface roughness 

of end-milling operations. Ilhan et.al [7] illustrates the multi 

response optimization of cutting conditions and mathematical 

modeling of surface roughness of CNC turning parameters by 

Taguchi based response surface methodology.    Anil Gupta  

et.al  [8] 

 
Fig. 1: Classification of Optimization Tools and Techniques. 
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presents the application of Taguchi method with 

logical fuzzy reasoning for multiple output optimization of 

high speed CNC turning of AlSi P-20 tool steel using TiN 

coated tungsten carbide coatings. The machining parameters 

(cutting speed, feed rate, depth of cut, nose radius and cutting 

environment) are optimized with considerations of the 

multiple performance measures as surface roughness, tool 

life, cutting force and power consumption. Amardeep S. 

Kang, Gurmeet S.et.al [15] highlights optimization of CNC 

end milling process parameters to provide good surface finish 

and high Material Removal Rate. The surface finish of the 

machined surface has been identified as quality attribute 

whereas MRR has been treated as performance index directly 

related to productivity. Attempt has been made to optimize 

quality and productivity in a manner that these multi-

criterions could be fulfilled simultaneously up to the expected   

level. Multi-objectives related to quality and productivity has 

been accumulated to evaluate an equivalent single quality 

index (called grey relational grade); which has been 

optimized finally by Taguchi based Grey rational method. 

This work has successfully demonstrated the application of 

Taguchi based grey relational analysis for multi response 

optimization of process parameters in End milling of AISI 

H11 steel. Mahavir V.Chhabada   et.al [17] in their paper 

multi-response optimization of machining parameters on 

CNC milling of EN 19 Alloy Steel with TiALN Coated 

Milling Cutter using GRA. Two different conditions have 

been taken to study comparative study of experimentations., 

a) Compressed air coolant b) Oil coolant condition It is 

observed that compressed air coolant condition gives better 

surface finish than oil coolant. Raneen Abd Ali, Mozamme  

Mia et.al [19] found that the tool path strategy has a 

significant influence on the end outcomes of face milling. As 

such, the surface topography respective to different cutter 

path strategies and the optimal cutting strategy is discussed in 

detail. The application and selection of tool path types and 

directions are crucial issues in the milling   optimization of 

toolpath would contribute to improving the sufficiency of the 

milling process of the die and aerospace industries. Recently, 

due to increasing demand for manufacturing the complex 

parts with a large scale, the robotic milling system is used to 

perform this function. Khan A. Jamil M [2019] et.al has done 

the multi-objective optimization of energy consumption and 

surface quality in nanofluid SQCL assisted face milling. 

Multi-objective optimization was used to enhance the surface 

roughness and energy consumption in the face milling 

process. The results revealed that the reduction in the energy 

consumption was about 20.7% when using   nano -fluid 

assisted milling.    M. S. Sukumar, P. Venkata et.al [21] 

Taguchi Method has been used to identify the optimal 

combination of influential factors in the milling process. 

Milling experiment has been performed on Al 6061 material, 

according to Taguchi orthogonal array (L16) for various 

combinations of controllable parameters viz. speed, feed and 

depth of cut. An Artificial neural network (ANN) model has 

been developed and trained with full factorial design 

experimental data and a combination of control parameters 

have been found from ANN for the surface roughness (Ra) 

value, obtained from confirmation test. Experiments were 

carried out as per the Taguchi experimental design and an 

L27 orthogonal array was used to study the influence of 

various combinations of process parameters on surface 

roughness (Ra) and material removal rate (MRR) by Naresh 

N.et.al [13] As a dynamic approach, the multiple response 

optimization was carried out using grey relational analysis 

(GRA) and desirability function analysis (DFA) for 

simultaneous evaluation. The objective of the present work is 

to optimize process parameters namely, cutting speed, feed 

rate, and depth of cut in milling of AISI 304 stainless steel. 

From the literature review it is identified that there 

is no work in multi response optimization of CNC end milling 

using combination of Taguchi, GRA and KPCA. It is clear 

from literatures that better prediction value is obtained from 

GA and ANN. So this paper introduces multi response 

optimization by GA and MLPNN. 

III. COMBINATION OF TAGUCHI, CRA AND KPCA 

A. Taguchi Method 

Taguchi method is an ideal method to improve product 

quality, promote technological innovation, and increase the 

competitiveness of enterprises, which is helpful to develop 

low-cost and high-quality products within a relatively short 

time. To quantitatively describe the product quality loss, the 

concept of ‘‘quality loss function’’ is put forward and the 

signal-to-noise ratio (S/N) for each quality characteristic is 

applied to evaluate the robustness of the designed process 

parameters. There are three types of quality characteristics: 

the lower the better, the higher the better, and the nominal the 

best.      

1) Lower the better is used when smaller value is desired 

S/N ratio: 

     ηi(k) = - 10 log 
1

n
 ∑  yij

2n
j=1  (k)                                   (3.1) 

2) Larger the better is used when more substantial value is 

desired. S/N ratio: 

        ηi(k) = - 10 log 
1

n
 ∑  1/yij

2n
j=1  (k)                        (3.2) 

3) Nominal the best is used when variation about the 

nominal or target value is minimum as shown by the S/N 

ratio given as: 

ηi(k) = 10log(
µ2

σ2 )   or   ηi(k) = -10 log (σ2 )                 (3.3) 

where yij(k) is the observed data of the kth 

performance index at the ith experiment at the jth trial; i = 1, 

2…, m;        j = 1, 2,.., n;  k = 1, 2,…, s;   n  is the number of 

repetitions of the same experiment  µ is the mean   and σ is 

the variance. 

B. Principle of GRA 

Grey system theory is a systematic scientific theory to solve 

the problems with insufficient, poor, or uncertain 

information. Actually, the optimization problem of multiple 

performance indexes with lower-the-better characteristics 

itself contains a certain degree of uncertainty and ambiguity. 

Therefore, the grey system theory is very suitable for solving 

this multi response optimization problem. Based on this 

theory, GRA is carried out to evaluate the degree of 

correlation between the observed data (comparability 

sequence) and the desired value (reference sequence), and 

transform multiple performance characteristics into a single 

grey relational grade (GRG) value as the optimization 

criterion. 
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In order to avoid the inconvenience caused by 

different dimensions in the observed data and simplify the 

calculation, the first step for GRA is grey relational 

generating, that is to normalize these observed data to the 

range [0, 1]. Because S/N refers to the ratio between the 

desired part and the noise part, the larger S/N is the better, 

regardless of the nature of quality characteristics, S/N for 

each quality characteristic is normalized by the following 

equation: 

      ηi
∗(k ) =    

ηi(k)−min ηi(k)    

maxηi(k)−min ηi(k)
                           (3.4) 

where ηi
∗(k )  the kth comparability sequence after 

the process of grey relational generating ; max ηi(k) and 

min  ηi(k) are the maximum and minimum values of the kth 

sequence of S/N. Due to the fact that the larger  normalized 

value corresponds to the better performance, the maximum  

normalized value  is considered as the reference sequence, 

denoted  by η0
∗(k) = 1. 

Then the relationship between the observed data and 

the desired value can be clarified clearly by calculating the 

GRC, ξ between the comparability sequences and the 

reference sequence. The ξ for the kth performance   index at 

the ith   experiment can be expressed as:    

       ξ i(k) =  
mink∆i(k)  + ρ maximaxk ∆i(k)

∆i(k)+ρ  maximaxk ∆i(k)
.           (3.5) 

where ∆i(k) = |η0
∗(k) − ηi

∗(k) |   is the kth deviation 

sequence in absolute value between the reference sequence 

and the kth comparability sequence; distinguishing 

coefficient  ρϵ(0, +∞)  is a factor affecting the resolution of 

correlation analysis directly, which determines the 

distribution of GRC. The smaller the distinguishing 

coefficient, the greater the resolution. At last, a single GRG 

value, γ for the ith experiment can be obtained by a weighted 

sum of the above GRC with the following formula: 

        γi    =  ∑ ωkξi(k)s
k=1                                  (3.6) 

where ωk denotes the weight of the kth performance 

index, which meets  ∑ ωk = 1s
k=1 . Usually, equal weights are 

artificially set. The higher γ indicates the closer relational 

degree between the observed data and the desired value, 

which means that the corresponding combination of process 

parameters is closer to the optimal. At this point, the multi-

response optimization problem has been fully transformed 

into a single objective optimization problem with γ as the 

optimization criterion. However, due to the non-linearity 

between the performance indexes, this optimization criterion 

is not very reasonable. In order to reveal the principal features 

of these performance indexes, KPCA will be introduced and 

an improved γ will be proposed, with the corresponding 

weights also obtained in the next section. 

 
Fig. 2: Workflow diagram of multiresponse optimization 

using Taguchi, GRA and KPCA 

C. Principle of KPCA 

PCA is a linear mapping method that ignores the correlation 

of higher than the second order between the performance 

indexes. Therefore, the extracted principal features are not 

optimal, and the effect of PCA is affected to some extent. To 

solve this problem, KPCA is adopted. As a nonlinear 

expansion algorithm of PCA, KPCA uses the kernel-based 

technique to extract the principal components. That is to say, 

the principle of KPCA is that: at first, map the original vector 

to the high dimensional kernel space F through mapping 

function w, and then perform PCA. Here, the original vector 

refers to the above GRC for each performance index. The 

specific implementation   steps  for KPCA [18]. 

1) Constituting the original performance index array: 

ξi(k);  i=1,2….,m; k=1,2….,s     

Ξ =  

[
 
 
 
 
 
ξ1(1) ξ1(2) ⋯ ξ1(s)

ξ2(1) ξ2(2) … ξ2(s)
. . .
. . .
. . .

ξm(1) ξm(2) … ξm(s)]
 
 
 
 
 

                               (3.7) 

where m and s are the number of experiments and 

performance indexes respectively. 

2) Selecting the kernel function w and calculating the kernel 

matrix K  

Kμν = K(Ξμ, Ξν ) = 〈ψ(Ξμ), ψ(Ξν)〉 
                          = exp(-‖Ξμ − Ξν‖2 (2σ2⁄ ))           (3.8) 

Where  Ξμ and Ξν denote the performance index vector at the 

μth and νth experiment  μ = 1,2,..,m; ν  = 1,2,… ,m 

3) Centering the kernel matrix K  

K*
μν =  Kμν  - 

1

m
( ∑ Kµωm

ω=1  +  ∑ Kτνm
τ=1  )  + 

1

m2  ( ∑ Kτωm
ω,τ=1 )                                              

(3.9) 

4) Determining the eigenvalues and eigenvectors from the 

above centered matrix K*  

              λi
∗  αi  = K* αi                                     (3.10) 

where λi  is the ith eigenvalue,  i =1, 2, … ;m ; αi  = (  αi1 , αi2 

, …..  αim )T  corresponding eigenvector. Assuming 

that  λ1
∗  ≥  λ2

∗ … . . ≥  λm
∗
, and the eigenvectors are 

normalized.  

5) Calculating the contribution rate c(k) of the first s eigen 

values as the weight of the performance index and extracting 

the corresponding kernel principal components   pi(k). 

c(k) = λk
∗  ∑ λi

∗  m
i=1⁄                                  (3.11) 

pi(k) =  ∑ ξi 
s
j=1 (j)αkj                                (3.12) 

All the eigenvalues are arranged in descending order with 

respect to variance. Usually, the accumulative contribution 

rate of the first three eigenvalues reaches over 90% which 

means the first three kernel principal components hold the 

most amount of information in the data. The proposed new 

optimization criterion, c(k) can be constructed as: 

            γk (i) = ∑ |pi(k)|s
k=1 c(k)                               (3.13) 

 Based on this optimization criterion, the effect of 

each factor at different levels can be evaluated, and the 

optimum parameter combination corresponding to the 

maximum γk is obtained, which can be compared with that 

obtained from γ. 
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IV. HYBRID GA AND MLPNN 

A. Modelling of GA and Neural Network 

A well trained   ANN is well generalized which gives proper 

output for those input also which has never been encountered 

with the network while training. Training a network is 

nothing but to set optimum weights of the links of two 

neurons. These weights, activation function, number of layers 

and neurons in a layer decide how well nonlinearity can be 

defined [21]. The diversity of data can enhance the learning 

and generalisation ability of neural network which can be 

obtained with a reduction in the similarity of data. Therefore, 

the data was normalized within the range [0,1] for both   input 

and output data using equation: 

Xn= 
(𝒀𝒎𝒂𝒙− 𝒀𝒎𝒊𝒏)

(𝑿𝒎𝒂𝒙−𝑿𝒎𝒊𝒏 )
(X-𝑿𝒎𝒊𝒏) + Ymin                              (4.1) 

Where, Xn ,  is the normalised value of variable X; 

Xmax and Xmin are the maximum and minimum of X  

respectively; Ymax and Ymin are the maximum and minimum 

of the normalized targets respectively[14]. 

B. Multilayer Perception Neural Network (MLPNN) 

MLPNN consists of neurons in the input layer corresponding 

to the number of process parameters. The output layer 

consists of a single neuron, which corresponds to the 

response. A single hidden layer with Nh (number of hidden 

neurons) was used. These also hold weights biases in the 

hidden layer (wij, bij) and an output layer (wik bik). Sigmoid 

activation function was selected as activation function for 

both inputs and outputs. For training purpose, back 

propagation (BP) algorithm was used in MLPNN. Also other 

factors like learning rate(γ) and momentum rate(μ)  were 

chosen. The performance of MLPNN was validated through 

Mean Square Error (MSE) as given in equation: 

MSE = 
𝑺𝒖𝒎(𝒀−𝒕𝒂𝒓𝒈𝒆𝒕𝒔)𝟐 

𝒍𝒆𝒏𝒈𝒕𝒉(𝒀)
                                            (4.2) 

Where Y is the net of input values and target is the expected 

output value. 

The learning rate parameter was used during the 

adjustment of weights and biases to control the speed of 

learning algorithm and activation functions (hyperbolic 

tangent sigmoid and log sigmoid). Similarly, the momentum 

rate and number of hidden neurons also greatly affect the 

outcome of MLPNN. 

 
Fig. 4: Structure of MLPNN 

 
Fig. 3:  Parameters of MLPNN 

C. Multi-Layer Perspective Neural Network optimized by 

Genetic Algorithm (MLPNN-GA) 

Conventional back propagation algorithm has a significant 

drawback that is to be trapped in local minimum. Critical 

features of GA are global searching and evaluation of 

parameters. Natural selection theory and evolution biology 

(survival of the fittest) theories were used to the global level 

solution passes through a selection of individual cross over 

and mutation. Network training was used for evaluation of 

MLPNN initial weights and biases. Exchange of weights and 

biases used to communicate between GA and MLPNN. A 

random group of weights and biases [w, b] primarily initiated 

by MLPNN program is shown in fig.5. which forms the 

population for GA. The current population is generated based 

on a generator. The fitness function is the difference between 

predicted output value and the actual output value. If the 

overall mean square error of GA is less than 0.005only, then 

the parameters are accepted. The equation below is used to 

calculate weights and biases. 

Nw = (In + 1)*Nh + (Nh +1)*Op                                      (4.3) 

Where Nw  is an array of weights and bias, In is the 

number of neurons in input layer, Nh is the number of neurons 

in the hidden layer and Op is the number of neurons in the 

output layer. 

 
Fig. 5: Structure of MLPNN and GA 

V. CONCLUSIONS 

In order to meet the demand of todays’ fast changing 

revolutionized industry efficient use of energy is an important 
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factor. For reducing the energy consumption, increase the 

quality of product and fast response to the customers’ demand   

multi response optimization of cutting force, surface 

roughness   and   machining   time is to be conducted. CNC 

end milling is the most widely used method for producing 

complex geometric surfaces   with enough   accuracy, 

versatility and flexibility. 

Literature survey reveals that a lot of methods are 

emerged for multi response optimization of CNC end milling 

as   combination of design of experiments and   metaheuristic   

methods. 

Among those Taguchi based methods, RSM and 

desirability function, hybrid metaheuristic and ANN give 

better validation   for multi response optimization of   CNC 

end milling. Combination of Taguchi, GRA and KPCA, 

hybrid GA-MLPNN are two methods that are to be included 

in this area. 

Non linearity in multi response optimization cannot 

be neglected. Taken into consideration of non-linearity of 

cutting process, a new method based on GRA and KPCA was 

proposed for the multi response optimization   problem. 

The proposed   MLPNN & GA model will provide 

higher accuracy than other methods. The predicted values 

obtained by this method   is very close to that obtained from 

the experimental   results. 

Application of nano fluids and optimization of tool 

path strategy are emerging concepts for efficient ultilisation 

of   energy and to meet the customized quality product.  
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