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Abstract Ti-6Al-4V has a wide range of applications,

especially in the aerospace field; however, it is a difficult-

to-cut material. In order to achieve sustainable machining

of Ti-6Al-4V, multiple objectives considering not only

economic and technical requirements but also the envi-

ronmental requirement need to be optimized simultane-

ously. In this work, the optimization design of process

parameters such as type of inserts, feed rate, and depth of

cut for Ti-6Al-4V turning under dry condition was inves-

tigated experimentally. The major performance indexes

chosen to evaluate this sustainable process were radial

thrust, cutting power, and coefficient of friction at the tool-

chip interface. Considering the nonlinearity between the

various objectives, grey relational analysis (GRA) was first

performed to transform these indexes into the corre-

sponding grey relational coefficients, and then kernel

principal component analysis (KPCA) was applied to

extract the kernel principal components and determine the

corresponding weights which showed their relative

importance. Eventually, kernel grey relational grade

(KGRG) was proposed as the optimization criterion to

identify the optimal combination of process parameters.

The results of the range analysis show that the depth of cut

has the most significant effect, followed by the feed rate

and type of inserts. Confirmation tests clearly show that the

modified method combining GRA with KPCA outperforms

the traditional GRA method with equal weights and the

hybrid method based on GRA and PCA.

Keywords Ti-6Al-4V � Taguchi method � Grey relational

analysis (GRA) � Kernel principal component analysis

(KPCA) � Multi-response optimization

1 Introduction

Because of their many excellent properties, such as high

strength-to-weight ratio and good heat and corrosion

resistance, titanium alloys have a wide range of applica-

tions, especially in the aerospace field with about 50% of

the world’s total titanium [1]. Among them, one of the

most commonly used is Ti-6Al-4V. However, this alloy is

difficult to cut because of its low thermal conductivity and

high chemical reactivity, which leads to rapid tool wear or

breakage. About 80% of the heat generated during the

cutting process is conducted into the cutting tool, which

greatly weakens its cutting performance [2]. In order to

improve the poor machinability of Ti-6Al-4V and reduce

the machining cost, one way is to develop new tool

materials to replace the commonly used cemented carbide

[3], such as polycrystalline diamond (PCD) [4] and poly-

crystalline cubic boron nitride (PCBN) [5], which can

improve the machinability of Ti-6Al-4V effectively.

However, it is too expensive to be considered. Another way

is to improve the tool structure, such as introducing fric-

tion-reducing grooves [6] or surface textures [7, 8] on the

tool face, which can reduce cutting forces, decrease cutting

temperature, and improve the friction condition at the tool-

chip interface, thus enhancing tool life. However, surface

texturing is often fabricated on inserts with a flat rake face

or flank face, which is not commonly used. Research on the

application of surface texturing to improve cutting perfor-

mance of inserts with 3D complex topography has rarely

been reported. Therefore, it is necessary to apply surface
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texturing to inserts with a 3D shape on the rake face to

improve the machinability of Ti-6Al-4V. The most effec-

tive and advisable way is to optimize the existing process

parameters, which requires lower investment and has better

social sustainability without making drastic changes. In

addition, it is most likely to be accepted by users [9, 10]. In

the present work, the process parameters, such as type of

inserts (with texture or not), feed rate, and depth of cut,

were optimized to improve the machinability of Ti-6Al-4V.

In the machining process, common performance indexes

for evaluating machinability include productivity, operat-

ing cost, and product quality [11]. Because of the incon-

venience of direct measurement, they are usually described

by measurable process outputs, such as tool life, surface

roughness, cutting forces, power consumption, and vibra-

tion. Today, many studies focus on the optimization of

individual performance characteristic in the machining

processes. Subramanian et al. [12] developed a statistical

model to envisage vibration amplitude in terms of process

parameters such as radial rake angle, tool nose radius,

cutting speed, feed rate, and axial depth of cut by response

surface methodology (RSM) during end milling of Al

7075-T6. They found that the vibration amplitude was

maintained at the minimum under the conditions of a radial

rake angle of 12�, nose radius of 0.8 mm, cutting speed of

115 m/min, feed rate of 0.16 mm/r, and axial depth of cut

of 2.5 mm. By combining genetic algorithms (GA) and

RSM, Singh and Rao [13] obtained the optimum machining

conditions of a cutting speed of 200 m/min, feed rate of 0.1

mm/r, effective rake angle of 6�, and nose radius of 1.2 mm

for a minimum surface roughness value of 0.486 6 lm
during hard turning of AISI 52100 steel. Ramana et al. [14]

concluded that the optimal process parameters for mini-

mizing tool wear were an MQL machining environment,

cutting speed of 63 m/min, feed rate of 0.274 mm/r, depth

of cut of 1.0 mm, and uncoated tool during turning of Ti-

6Al-4V by Taguchi’s robust design methodology. In short,

all of these studies have achieved good results without

considering other indexes. However, in practice, the opti-

mization of the individual performance index is often

achieved at the cost of deteriorating other indexes due to

the complexity and conflict between the indexes. For

example, a higher cutting speed helps increase productivity

and surface quality, but also accelerates tool wear, leading

to shorter tool life and increased production costs. There-

fore, in order to achieve sustainable manufacturing, espe-

cially for titanium alloys, it is more reasonable to optimize

multiple responses simultaneously based on environmen-

tally sustainable, economic, and technical requirements.

Related research on multi-response optimization in the

cutting process, considering several contradictory respon-

ses, has also been frequently reported. Yan and Li [15]

optimized cutting parameters such as spindle speed, feed

rate, depth of cut, and width of cut in the milling process

based on weighted grey relational analysis (GRA) and

RSM in order to evaluate trade-offs between sustainability,

production rate, and cutting quality. Surface roughness,

material removal rate, and cutting energy were evaluated

simultaneously. Sarıkaya and Güllü [16] optimized the

process parameters such as cutting fluid, fluid flow rate,

and cutting speed by Taguchi based GRA, taking flank

wear, notch wear, and surface roughness as process per-

formance indexes. In order to minimize surface roughness

and burr formation concurrently, a multi-objective particle

swarm optimization method was utilized to find the optimal

cutting parameters during micro-end milling of Ti-6Al-4V

by Thepsonthi and Özel [17]. Yi et al. [18] presented a

multi-objective optimization model based on a non-domi-

nated sorting GA to explore the impact of cutting speed and

feed rate on carbon emissions and processing time. To

obtain favorable performance characteristics such as

material removal rate, cutting force, and surface roughness

during dry turning of AISI 304 austenitic stainless steel,

Nayak et al. [19] combined Taguchi method and GRA to

optimize the machining parameters such as cutting speed,

feed rate, and depth of cut. Mia et al. [20] first attempted to

optimize cutting forces, surface roughness, cutting tem-

perature, and chip reduction coefficient during turning of

Ti-6Al-4V under dry and high-pressure coolant using GRA

integrated with Taguchi method. Afterwards, they experi-

mentally investigated surface roughness, cutting force, and

feed force during turning of Ti-6Al-4V under cryogenic

(liquid nitrogen) condition and performed the desirability-

based multi-response optimization according to the models

of responses by RSM and artificial neural network [21].

All the above literatures have achieved the multi-ob-

jective optimization that simultaneously meets the envi-

ronment sustainable, economic, and technical requirements

by different indexes and methods. At the same time, it also

shows the complexity and diversity of indexes. In the

present work, performance indexes such as radial thrust,

cutting power, and coefficient of friction at the tool-chip

interface were chosen to evaluate the machinability of Ti-

6Al-4V for the following reasons. Firstly, in spite of not

doing any work, radial thrust may lead to deformation or

vibration of the workpiece, which will greatly increase the

likelihood of tool breakage and directly affect machining

accuracy and surface quality, thereby indirectly increasing

the processing costs [22]. Therefore, it can be taken as a

technical or economic index. Besides, research on the use

of radial thrust as an optimization index has rarely been

reported. Secondly, the contradiction between the growing

demand for energy and the increasing severity of resource

shortage, along with more and more serious environmental

problems, forces us to pay more attention to energy con-

servation and emissions reduction, especially in
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manufacturing. Energy savings can reach up to 6%–40%

by selecting the optimal combination of process parameters

[23]. Power consumption is a very important index

reflecting energy consumption during the cutting process,

which can be derived from the measured tangential force

and axial thrust. Because more difficult-to-cut materials

will require more power and greater cutting force or torque

[11], power consumption can be considered as an envi-

ronment sustainable or technical index. Thirdly, coefficient

of friction at the tool-chip interface is influenced by many

factors such as work material, tool material, tool geometry,

cutting parameters, and cutting fluid. However, it has a

great influence on many other indexes such as energy

consumption and tool life. The larger the coefficient of

friction at the tool-chip interface is, the more energy will be

consumed and the more severe tool wear will appear.

Hence, it can be regarded as an environment sustainable or

economic index. Furthermore, little research has been

reported about taking coefficient of friction at the tool-chip

interface as an optimization index for Ti-6Al-4V turning

according to the previous researches. The only relevant

study by Mia et al. [24] was reported not long ago, which

focused on the optimization of chip compression ratio,

effective shear angle, friction coefficient at the tool rake

surface and the chip-tool interface temperature in turning

process using grey relation-based Taguchi method. At last,

these three indexes are easy to obtain based on the acquired

cutting force signals.

Based on the implementation method of the optimiza-

tion procedure, the multi-objective optimization method

can be divided into the priori [15, 16, 19] and posterior

technique [17, 18]. Due to the advantages of small number

of tests, simple calculations, and unique optimal results, the

priori technique like Taguchi-based GRA has always been

favored by many scholars, whose basic idea is to transform

the multi-objective optimization problem into a single

objective optimization problem [25]. However, a key

question exists that the weights of multiple performance

indexes on the single objective are hard to determine. In

many literatures, equal weights [16, 26] or weights

assigned by decision makers [2, 27] are often applied to

describe the relative importance of each performance

index, which results in great uncertainty and irrationality.

In order to solve this problem, many scholars have devoted

much attention and made some achievements. Lu et al. [28]

performed the principal component analysis (PCA) on the

grey relational coefficients (GRC) corresponding to various

performance indexes, and extracted the square values of

three components in the first principal component as the

weighting values. Dubey and Yadava [29] applied a hybrid

approach based on the Taguchi method and PCA for multi-

objective optimization by extracting three principal com-

ponents from the three quality characteristics, and then

transforming into a unique total principal component index

with the proportion of each eigenvalue as weighting value.

It is well known that the basic principle of PCA is to apply

the linear combinations of the original correlation variables

to represent the main characteristics of the objectives,

which is a method to solve multicollinearity. However, the

relationship between various performance indexes in the

cutting process tends to be nonlinear, so it is no longer

appropriate to use PCA to deal with this multi-response

optimization problem. Because kernel principal component

analysis (KPCA) is a nonlinear extension of PCA using

kernel technique, KPCA can be applied to solve nonlinear

problems in multi-response optimization.

Taking the nonlinearity of cutting process into consid-

eration, a hybrid method based on GRA and KPCA was

proposed for solving the multi-response optimization

problem during turning of Ti-6Al-4V in the present work.

The major performance indexes chosen to evaluate this

sustainable process were radial thrust, cutting power, and

coefficient of friction at the tool-chip interface. The

structure of this work was arranged as follows: Firstly, the

optimization methods were presented in detail, and Tagu-

chi’s orthogonal array (OA) L16 with mixed levels was

designed to obtain the performance indexes. Secondly, the

optimization procedure based on GRA and KPCA was

described step-by-step. Thirdly, the effect of process

parameters such as type of inserts, feed rate, and depth of

cut on the optimization criterion was investigated. At last,

the optimal combination of process parameters was verified

and the conclusion was drawn. The workflow diagram of

multi-response optimization is shown in Fig. 1.

2 Methodology and experimental design

2.1 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 character-

istic is applied to evaluate the robustness of the designed

process parameters. There are three types of quality char-

acteristics: the lower the better, the higher the better, and

the nominal the better. In terms of radial thrust, power

consumption, and coefficient of friction at the tool-chip

interface, S/N with a lower-the-better characteristic [30] is

desirable, which can be expressed as
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giðkÞ ¼ �10 lg
1

n

Xn

j¼1

y2ijðkÞ
 !

; ð1Þ

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; and n is the number of repetitions

of the same experiment. In this paper, m = 16, n = 1, s =

3.

2.2 Principle of GRA

Grey system theory is a systematic scientific theory pro-

posed by Deng in Ref. [31] to solve the problems with

insufficient, poor, or uncertain information. Actually, the

optimization problem of multiple performance indexes

with the 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 per-

formance characteristics into a single grey relational grade

(GRG) value as the optimization criterion.

In order to avoid the inconvenience caused by different

dimensions in the observed data and simplify the calcula-

tion, the first step for GRA is grey relational generating

[31], 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 [29],

regardless of the nature of quality characteristics. There-

fore, in this paper, S/N for each quality characteristic is

normalized by the following equation

g�i ðkÞ ¼
giðkÞ �min giðkÞ

max giðkÞ �min giðkÞ
; ð2Þ

where g�i ðkÞis the kth comparability sequence after the

process of grey relational generating; max giðkÞ and

min giðkÞ 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 g�oðkÞ ¼ 1.

Then, the relationship between the observed data and the

desired value can be clarified clearly by calculating the

GRC, n, between the comparability sequences and the

reference sequence. The n for the kth performance index at

the ith experiment can be expressed as

niðkÞ ¼
min
i

min
k

DiðkÞ þ qmax
i

max
k

DiðkÞ

DiðkÞ þ qmax
i

max
k

DiðkÞ
; ð3Þ

where DiðkÞ ¼ g�oðkÞ � g�i ðkÞ
�� �� is the kth deviation

sequence in absolute value between the reference sequence

and the kth comparability sequence; distinguishing coeffi-

cient q 2 ð0;þ1Þ is a factor affecting the resolution of

correlation analysis directly, which determines the distri-

bution of GRC. The smaller the distinguishing coefficient,

the greater the resolution. Usually, q ¼ 0:5 can meet the

demand and is adopted in this paper.

At last, a single GRG value, c, for the ith experiment can

be obtained by a weighted sum of the above GRC with the

following formula

cðiÞ ¼
Xs

k¼1

xkniðkÞ; ð4Þ

Fig. 1 Workflow diagram of multi-response optimization
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where xk denotes the weight of the kth performance index,

which meets
Ps

k¼1

xk ¼ 1. Usually, equal weights are artifi-

cially set. The higher c indicates the closer relational

degree between the observed data and the desired value,

which means that the corresponding combination of pro-

cess parameters is closer to the optimal. At this point, the

multi-response optimization problem has been fully trans-

formed into a single objective optimization problem with c
as the optimization criterion.

However, due to the nonlinearity between the perfor-

mance indexes, this optimization criterion is not very rea-

sonable. In order to reveal the principal features of these

performance indexes, KPCA will be introduced and an

improved c will be proposed, with the corresponding

weights also obtained in the next section.

2.3 Principle of KPCA

As mentioned earlier, PCA reported by Dubey and Yadava

[29] and Lu et al. [28] 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 in this paper. 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 are presented as

(i) Constituting the original performance index array

niðkÞ; i ¼ 1; 2; � � � ;m; k ¼ 1; 2; � � � ; s

N ¼

n1ð1Þ n1ð2Þ � � � n1ðsÞ
n2ð1Þ n2ð2Þ � � � n2ðsÞ
..
. ..

. ..
. ..

.

nmð1Þ nmð2Þ � � � nmðsÞ

2

6664

3

7775; ð5Þ

where m and s are the number of experiments and

performance indexes, respectively.

(ii) Selecting the kernel function w and calculating the

kernel matrix K

Klm ¼ KðNl;NmÞ ¼ wðNlÞ;wðNmÞ
� �

¼ exp � Nl � Nm

�� ��2
.

2r2
� �� 	

; ð6Þ

where Nl and Nm denote the performance index

vector at the lth and vth experiment; l ¼
1; 2; � � � ;m; v ¼ 1; 2; � � � ;m . In this paper,

Gaussian radial basis function is selected as the

kernel function.

(iii) Centering the kernel matrix K

K�
lm ¼ Klm �

1

m

Xm

x¼1

Klx þ
Xm

s¼1

Ksm

 !

þ 1

m2

Xm

x;s¼1

Kxs: ð7Þ

(iv) Determining the eigenvalues and eigenvectors

from the above centered matrix K*

k�i ai ¼ K�ai; ð8Þ

where k�i is the ith eigenvalue, i ¼ 1; 2; � � � ;m;
ai ¼ ai1; ai2; � � � ; aimð ÞT is the corresponding

eigenvector. Assuming that k�1 > k�2 > � � � > k�m,
and the eigenvectors are normalized.

(v) Calculating the contribution rate cðkÞ of the first s
eigenvalues as the weight of the performance

index and extracting the corresponding kernel

principal components piðkÞ

cðkÞ ¼ k�k

,
Xm

i¼1

k�i ; ð9Þ

piðkÞ ¼
Xs

j¼1

niðjÞ akj: ð10Þ

All the eigenvalues are arranged in descending order

with respect to variance. Usually, the accumulative con-

tribution rate of the first three eigenvalues reaches over

90%, which means the first three kernel principal compo-

nents hold the most amount of information in the data.

Therefore, the first three eigenvalues are taken into con-

sideration in this work.

At last, the proposed new optimization criterion, ck can
be constructed as

ckðiÞ ¼
Xs

k¼1

piðkÞj j cðkÞ: ð11Þ

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 ck
is obtained, which can be compared with that obtained

from c.

2.4 Design of experiment and test results

All the tests were conducted on a CNC horizontal turning

center (QTN200M/1000U) under dry condition. Titanium

alloy Ti-6Al-4V bars with the dimension of / 100–130 mm

were used as workpiece material, and the tungsten carbide
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inserts with grade K were employed as cutting tools with

the ISO designation of CNMG120408-JLPM1 (see Fig. 2),

mounted on a PCLNR 2525M 12 tool holder. Since the

performance indexes chosen in the present work depend on

the process parameters such as type of inserts, cutting

speed, feed rate, and depth of cut, they all can be selected

as the controllable factors. However, because Ti-6Al-4V is

a type of difficult-to-cut material, the higher cutting speed

will aggravate tool wear. Therefore, a constant cutting

speed, Vc = 50 m/min, is used in the tests. As for feed rate

and depth of cut, four different levels were selected from

the manufacturer’s recommended ranges (Vc = 30–60 mm/

min, f = 0.05–0.35 mm/r, ap = 0.07–3 mm). In order to

improve the friction property at the tool-chip interface,

parallel array grooves were symmetrically fabricated on

both sides of the tool tip, the direction of which formed an

80� angle with the cutting edge, as shown in Fig. 2. The

parameters of these grooves were a width of 0.3 mm, depth

of 0.05 mm, and interval of 0.4 mm. In the present work,

two kinds of inserts were employed: one with these

grooves named ‘‘Nose 1’’, and the other without grooves

called ‘‘Nose 2’’. All the selected process parameters and

their levels are listed in Table 1. Traditionally, the desired

process parameters were mainly determined based on

experience or specialized handbooks, which were not the

optimal values [15]. In this work, the initial process

parameters were A2, B2, and C2; the type of inserts was

Nose 2; the cutting speed was 50 mm/r; the feed rate 0.15

Fig. 2 Inserts used in the experiments

Table 1 Process parameters and their levels in the tests

Process parameter Symbol Level 1 Level 2 Level 3 Level 4

Type of inserts A Nose 1 Nose 2*

Feed rate/ (mm � r�1) B 0.10 0.15* 0.20 0.25

Depth of cut/ mm C 0.5 1.0* 1.5 2.0

*Initial process condition

Table 2 Experimental layout using L16 (2
1942) and their responses

Run No. Factors and their levels Fy /N P/W l

A B C

1 1 1 1 160.09 85.80 2.20

2 1 2 2 225.33 208.49 2.12

3 1 3 3 245.72 409.87 1.92

4 1 4 4 274.12 577.59 2.03

5 1 1 2 177.10 200.72 1.75

6 1 2 1 188.69 101.66 2.58

7 1 3 4 253.26 553.70 1.84

8 1 4 3 266.04 428.02 2.15

9 2 1 3 169.67 341.47 1.46

10 2 2 4 229.23 507.53 1.64

11 2 3 1 200.63 107.58 2.89

12 2 4 2 245.34 222.39 2.97

13 2 1 4 181.15 481.27 1.37

14 2 2 3 206.84 358.48 1.81

15 2 3 2 223.52 215.21 2.52

16 2 4 1 193.54 101.12 3.43
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mm/r and the depth of cut 1.0 mm, per the manufacturer’s

recommendations, before the parallel array grooves were

fabricated on the tool rake face.

As can be seen from Table 1, the total degree of free-

dom of the process parameters is 7 in the case of ignoring

the interactions. Therefore, based on the Taguchi’s robust

design concept, an OA with mixed levels L16(2
1942) was

redesigned by transforming the standard L16(2
15) OA to

reduce machining time and cost. The resulting experi-

mental layout was presented in Table 2. In this study,

radial thrust (Fy), power consumption (P), and coefficient

of friction (l) at the tool-chip interface are chosen as

research indexes to assess the machining performance; Fy

is obtained by direct measurement, whereas P and l can be

derived from the following formulas [5, 22]

P ¼ FzVc=60þ Fxnwf=60 000; ð12Þ

l ¼
fFx;Fy;Fzg � cos cp sin cf ; sin cp cos cf ;� cos cp cos cf


 ��� ��

fFx;Fy;Fzg � cos cp sin cf ; sin cp cos cf ;� cos cp cos cf

 ��� �� ;

ð13Þ

where f is the feed rate, mm/r; nw is the rotating speed of

the workpiece, r/min; and cp ¼ �7:31�, cf ¼ 9:05� are the

back rake angle and side rake angle, respectively. Because

they are functions of cutting forces (Fx, Fy, and Fz), they

are also relatively easy to obtain.

In order to measure the cutting forces under each run, a

three-component piezoelectric dynamometer (Kistler

9257A) equipped with a charge amplifier (Kistler 5019)

was applied, which was linked to the national instruments

PXI system (PXI-1042Q/8106) for data acquisition. At last,

the results were displayed on the monitor. The detailed

experimental setup was schematically illustrated in Fig. 3.

Besides, a constant cutting length along the feed direction,

L = 5 mm, was kept under each run to ignore the influence

of tool wear. According to the cutting forces measured in

the tests and the above Eqs. (12) and (13), the power

consumption and the coefficient of friction at the tool-chip

interface were calculated, and all the performance indexes

are shown in Table 2.

3 Results and discussion

In this section, the approach based on GRA and KPCA to

optimize the process parameters for Ti-6Al-4V turning is

presented in detail, and the multi-response optimization

results by c, the integrated optimization criterion cp, and ck
are compared and validated through the confirmation tests.

Here, cp denotes the corresponding grey relational grade

obtained from the hybrid method based on GRA and PCA,

which is used to illustrate the effect of nonlinearity.

3.1 Detailed optimization procedure

At first, data preprocessing was conducted on the perfor-

mance indexes Fy, P, and l obtained from the tests. Due to

the lower-the-better characteristics, the S/N of these per-

formance indexes is calculated and normalized based on

Eqs. (1) and (2), and the results are listed in Table 3. Thus,

the comparability sequences are obtained. In Table 3, the

values of the reference sequences are specified as 1, rep-

resenting the best performance.

Fig. 3 Schematic diagram of the experimental setup

Table 3 S/N and its normalization for radial thrust force, cutting

power and coefficient of friction

Run No. S/N ratios for different

responses

Normalization for different

responses

Fy P l Fy P l

1 -44.09 -39.67 -6.85 1.000 0 1.000 0 0.483 5

2 -47.06 -46.38 -6.52 0.364 5 0.534 4 0.525 0

3 -47.81 -52.25 -5.67 0.203 4 0.179 9 0.632 0

4 -48.76 -55.23 -6.13 0.000 0 0.000 0 0.574 5

5 -44.96 -46.05 -4.84 0.812 3 0.554 3 0.736 1

6 -45.52 -40.14 -8.24 0.694 4 0.911 0 0.309 5

7 -48.07 -54.87 -5.28 0.147 2 0.022 2 0.681 6

8 -48.50 -52.63 -6.64 0.055 7 0.157 2 0.510 3

9 -44.59 -50.67 -3.30 0.892 0 0.275 6 0.930 6

10 -47.21 -54.11 -4.28 0.332 5 0.067 8 0.807 4

11 -46.05 -40.63 -9.20 0.580 3 0.881 3 0.188 3

12 -47.80 -46.94 -9.46 0.206 3 0.500 5 0.156 5

13 -45.16 -53.65 -2.74 0.770 3 0.095 7 1.000 0

14 -46.31 -51.09 -5.14 0.523 7 0.250 2 0.698 5

15 -46.99 -46.66 -8.05 0.379 5 0.517 7 0.333 8

16 -45.74 -40.10 -10.07 0.647 2 0.913 8 0.000 0

Reference sequence 1.000 0 1.000 0 1.000 0
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Before calculating the GRC, the deviation sequences

Doi(Fy), Doi(P), and Doi(l) were determined, which denoted

the degree that the observed values deviated from the

expected value. Thus, according to Eq. (3), the GRC

between the comparability sequences and the reference

sequences were obtained and presented in Table 4, which

constituted the original performance index array by Eq. (5)

for KPCA in Section 2.3. In most cases, equal weights

were assigned for different performance indexes in multi-

response optimization problems, with the interconnected-

ness between the performance indexes ignored. The

resulting c was calculated by using Eq. (4). In this paper,

this c obtained based on equal weights is used for com-

parison, which is also enumerated in Table 4.

Then, KPCA was performed on the above n array to

extract the kernel principal components and identify the

corresponding weights. Based on Eqs. (6)–(9), the

Fig. 4 Contribution rate of each eigenvalue and the accumulative

contribution rate

Table 4 Calculated Doi, n, c, and the corresponding ranking of c

Run No. Deviation sequences Grey relational coefficient c Ranking

Doi(Fy) Doi(P) Doi(l) n Fy

� �
n Pð Þ n lð Þ

1 0.000 0 0.000 0 0.516 5 1.000 0 1.000 0 0.491 9 0.830 6 1

2 0.635 5 0.465 6 0.475 0 0.440 3 0.517 8 0.512 8 0.490 3 10

3 0.796 6 0.820 1 0.368 0 0.385 6 0.378 8 0.576 0 0.446 8 12

4 1.000 0 1.000 0 0.425 5 0.333 3 0.333 3 0.540 3 0.402 3 16

5 0.187 7 0.445 7 0.263 9 0.727 1 0.528 7 0.654 5 0.636 8 4

6 0.305 6 0.089 0 0.690 5 0.620 6 0.848 9 0.420 0 0.629 9 5

7 0.852 8 0.977 8 0.318 4 0.369 6 0.338 3 0.610 9 0.439 6 13

8 0.944 3 0.842 8 0.489 7 0.346 2 0.372 3 0.505 2 0.407 9 15

9 0.108 0 0.724 4 0.069 4 0.822 4 0.408 4 0.878 2 0.703 0 2

10 0.667 5 0.932 2 0.192 6 0.428 3 0.349 1 0.721 9 0.499 8 9

11 0.419 7 0.118 7 0.811 7 0.543 7 0.808 2 0.381 2 0.577 7 7

12 0.793 7 0.499 5 0.843 5 0.386 5 0.500 3 0.372 2 0.419 6 14

13 0.229 7 0.904 3 0.000 0 0.685 2 0.356 0 1.000 0 0.680 4 3

14 0.476 3 0.749 8 0.301 5 0.512 1 0.400 0 0.623 8 0.512 0 8

15 0.620 5 0.482 3 0.666 2 0.446 2 0.509 0 0.428 7 0.461 3 11

16 0.352 8 0.086 2 1.000 0 0.586 3 0.853 0 0.333 3 0.590 9 6

Table 5 The first three kernel principal components, ck and the

corresponding ranking of ck

Run No. Kernel principal components ck Ranking

First Second Third

1 0.285 3 - 0.092 4 - 0.008 8 0.206 3 1

2 - 0.018 1 0.042 8 0.001 6 0.027 2 16

3 - 0.094 4 0.036 1 - 0.001 1 0.070 3 11

4 - 0.114 7 0.057 9 - 0.003 4 0.090 8 6

5 0.021 4 - 0.074 7 - 0.002 8 0.041 4 14

6 0.169 7 0.023 4 0.005 2 0.110 7 4

7 - 0.118 6 0.029 3 - 0.001 3 0.082 2 8

8 - 0.091 6 0.065 4 - 0.003 0 0.079 8 10

9 - 0.044 1 - 0.164 2 - 0.001 1 0.089 1 7

10 - 0.122 5 - 0.017 0 0.002 2 0.079 9 9

11 0.144 1 0.053 7 0.006 0 0.106 9 5

12 - 0.010 0 0.093 6 - 0.002 2 0.041 7 13

13 - 0.111 1 - 0.161 9 0.007 2 0.128 4 2

14 - 0.069 6 - 0.010 2 - 0.001 5 0.045 6 12

15 - 0.004 7 0.063 8 - 0.001 7 0.027 2 15

16 0.178 8 0.054 5 0.004 7 0.128 0 3

Multi-response optimization of Ti-6Al-4V turning operations using Taguchi-based grey... 149

123



eigenvalues and the corresponding eigenvectors were cal-

culated, and all the eigenvalues were listed in descending

order. The bar chart in Fig. 4 shows the contribution rate of

each eigenvalue, and the line chart shows the accumulative

contribution rate,f. It can be clearly observed that the f of

the first three eigenvalues reaches up to 99%, which means

that the first three kernel principal components hold the

most amount of information. Thus, the first three kernel

principal components were extracted according to Eq. (10),

as shown in Table 5. The corresponding weights for these

components obtained from f were 59.87%, 38.16% and

1.98%, respectively. Lastly, the new criterion ck for multi-

response optimization were calculated by Eq. (11), with its

results listed in Table 5.

The last columns of Tables 4 and 5 show the rankings of

c and ck, respectively. According to the previous analysis, a
larger c or ck means that the observed sequence is more

closely related to the reference sequence representing the

best performance. Thus, the largest c and the largest ck
correspond to the optimal parameter combinations,

respectively. By comparing the ranking results of the last

column in Tables 4 and 5, it can be found that among all

the tests, the largest c and the largest ck both appear under

Run No.1, which means that in the 16 tests studied, the

optimal combinations of process parameters determined

based on these two methods are consistent. However, in

order to find out the relative importance of the process

parameters on the integrated optimization criterion, it is

necessary to further analyze the effect of each parameter

level to identify the optimal combination of process

parameters more accurately.

3.2 Effect of process parameters on the integrated

optimization criterion

To evaluate the effect of process parameters on the inte-

grated optimization criterion, the average c or ck for each

parameter level was calculated and listed in the response

Tables 6 and 7, respectively. Based on the theory that ‘‘the

larger the c, the better the performance’’ [15, 20], the

combination of process parameters corresponding to the

maximum average response is optimal.

For c in Table 6, it can be clearly observed that the

combination of process parameters A2 (type of inserts:

Nose 2), B1 (feed rate: 0.1 mm/r), and C1 (depth of cut: 0.5

mm) presents the largest cwith 0.555 6, 0.712 7, and 0.657 3,
respectively. That is to say, A2B1C1 is the optimal combi-

nation of process parameters for Ti-6Al-4V turning based on

this method. According to the results of range analysis listed

in the last two columns, feed rate has the most dominant

influence on c, followed by depth of cut and type of inserts.

Figure 5a illustrates the effect of each factor at different

levels on c. It can be seen that the optimal comprehensive

performance can be obtained at low feed rate and low depth

of cut with insert Nose 2.

However, in terms of ck in Table 7, the combination of

process parameters A1B1C1 (type of inserts: Nose 1, feed

rate: 0.1 mm/r, and depth of cut: 0.5 mm), has the best

performance with the maximum average responses. Fur-

thermore, the results of range analysis reveal that depth of

cut is the most significant factor that affects the integrated

optimization criterion ck.The detailed effects of the process

parameters are illustrated in Fig. 5b. Compared with the

conclusions drawn from Fig. 5a, it can be inferred that in

order to obtain the maximum integrated optimization

Table 6 Response table for c

Experimental factors Average c Range Ranking

Level 1 Level 2 Level 3 Level 4

Type of inserts A 0.535 5 0.555 6* 0.020 1 3

Feed rate B 0.712 7* 0.533 0 0.481 4 0.455 2 0.257 5 1

Depth of cut C 0.657 3* 0.502 0 0.517 4 0.505 5 0.155 3 2

*Optimum factor level

Table 7 Response table for ck

Experimental factors Average ck Range Ranking

Level 1 Level 2 Level 3 Level 4

Type of inserts A 0.088 6* 0.080 8 0.007 7 3

Feed rate B 0.116 3* 0.065 8 0.071 7 0.085 1 0.050 5 2

Depth of cut C 0.137 9* 0.034 4 0.071 2 0.095 3 0.103 6 1

*Optimum factor level
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criterion, Fig. 5b gives a similar opinion in the aspect of

depth of cut and feed rate, but different in type of inserts.

This may be caused by the nonlinear relationship between

the performance indexes. In Fig. 5a, there is an approxi-

mate linear relationship, while in Fig. 5b, the nonlinear

relationship can be clearly observed. Therefore, the effect

of nonlinearity on multi-response optimization results

deserves further study.

3.3 Effect of nonlinearity on multi-response

optimization results

In order to clearly illustrate the effect of nonlinearity

among the performance indexes on the multi-response

optimization results, the hybrid method based on GRA and

PCA by Lu et al. [28] was used for comparison. According

to the n array in Table 4, PCA was first carried out. The

eigenvalues and the corresponding eigenvectors were pre-

sented in Tables 8 and 9, respectively. It can be clearly

observed from Table 8 that the contribution rate reaches up

to 60.76% when using the first principal component to

characterize the original performance indexes, which is

very high. Because the square of the value in each eigen-

vector stands for the corresponding contribution rate of the

performance index to each principal component, so

according to Lu’s method, the square of the value in the

first eigenvector is determined as the weight of the corre-

sponding performance index, as shown in Table 10.

According to Eq. (4) and the GRC array in Table 4, the

corresponding grey relational grade cp was calculated, and
the corresponding response table was shown in Table 11. It

can be observed that by the hybrid method based on GRA

and PCA, the obtained optimal combination of process

parameters is A2B1C1, which is identical to that obtained by

the traditional GRA method with equal weights in Table 6,

Fig. 5 Effect of factors at different levels on a c and b ck

Table 8 Eigenvalues and the corresponding contribution rate for

principal components

Principal components Eigenvalues Contribution rate/%

First 0.071 7 60.76

Second 0.044 7 37.83

Third 0.001 7 1.41

Table 9 Eigenvectors for each principal component

Performance

index

Eigenvectors

First principal

component

Second principal

component

Third principal

component

Radial thrust 0.443 8 0.696 5 -0.563 8

Cutting

power

0.814 4 -0.051 0 0.578 0

Coefficient

of friction

-0.373 8 0.715 7 0.589 9

Table 10 Contribution rate of each performance index to the fist

principal component

Performance index Contribution rate/% Weight

Radial thrust 19.70 0.197 0

Cutting power 66.33 0.663 3

Coefficient of friction 13.97 0.139 7
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but different from the optimal result obtained by the pro-

posed method in Table 7. The difference between the

optimization results is exactly caused by the nonlinearity

among the performance indexes. Furthermore, the depth of

cut is the most significant factor for cp, which is the same

with that for ck.
In order to demonstrate the effectiveness of the proposed

method, the obtained optimization results need further

verification. The verification tests and comparison results

were presented in Sect. 3.4.

3.4 Verification tests

In this paper, the verification tests were conducted under

the conditions of the initial process combination A2B2C2

(type of inserts: Nose 2, feed rate: 0.15 mm/r, and depth of

cut: 1.0 mm), and the above two optimal combinations

A2B1C1 and A1B1C1 in order to demonstrate the effective-

ness of the proposed method. The comparison results and

error graphs of the performance indexes Fy, P, and l in

these tests were presented in Table 12 and Fig. 6,

respectively.

It can be seen that relative to the initial condition, there

is a clear improvement in terms of radial thrust and power

consumption, and a minor improvement in the coefficient

of friction for both of the optimization results. As illus-

trated in Table 12, under the optimal combination A1B1C1

obtained by ck, the power consumption is reduced by

58.45%, and the radial thrust is decreased by 21.59%,

which is superior to those under the optimal combination

A2B1C1 obtained by c and cp, though there is little differ-

ence in the coefficient of friction. Consequently, the results

of these tests reveal that the modified method combining

GRA with KPCA is very effective for solving multi-re-

sponse optimization problems and outperforms the single-

GRA method with equal weights and the hybrid method

based on GRA and PCA.

Table 11 Response table for cp

Experimental factors Average cp Range Rank

Level 1 Level 2 Level 3 Level 4

Type of inserts A 0.537 3 0.538 3* 0.001 0 3

Feed rate B 0.645 2* 0.529 0 0.493 0 0.484 0 0.161 2 2

Depth of cut C 0.774 3* 0.508 1 0.450 6 0.418 1 0.356 2 1

*Optimum factor level

Table 12 Comparison between the initial combination and the

optimal combinations

Combinations Symbol Radial

thrust

Power

consumption

Coefficient of

friction

Initial A2B2C2 204.17 206.51 2.21

Optimized by

c
�
cp

A2B1C1 163.12 88.03 2.17

Relative increment -20.11% -57.37% -1.67%

Optimized by

ck

A1B1C1 160.09 85.80 2.20

Relative increment -21.59% -58.45% -0.25%

Fig. 6 Error graph of a Fy, b P, and c l
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4 Conclusions

Taken the nonlinearity of cutting process into considera-

tion, a new method based on GRA and KPCA was pro-

posed for the multi-response optimization problem during

turning of Ti-6Al-4V. The radial thrust, power consump-

tion, and coefficient of friction at the tool-chip interface

were chosen as the performance indexes. Compared with

the traditional method based on GRA with equal weights

and the hybrid method based on GRA and PCA, the fol-

lowing conclusions can be drawn

(i) KPCA was performed to extract the kernel

principal components and identify the correspond-

ing weights. The first three kernel principal

components were extracted and the corresponding

weights obtained from f were 59.87%, 38.16%,

and 1.98%, respectively.

(ii) Within the range of process parameters studied,

the largest c and ck both appeared in Run No. 1.

(iii) For c and cp, A2B1C1 is the optimal combination of

process parameters, while for ck, the combination

A1B1C1 is the best.

(iv) Feed rate has the most dominant effect on c,
followed by depth of cut and type of insert, while

whereas for cp and ck, the depth of cut is the most

significant factor. A consistent view is that the

optimal comprehensive performance can be

obtained at a low feed rate and low depth of cut.

(v) The comparison results show that the nonlinearity

in the multi-response optimization problem cannot

be neglected.

(vi) Verification tests reveal that there is a clear

improvement in terms of radial thrust and power

consumption, and a minor improvement in the

coefficient of friction at the tool-chip interface for

both of the optimization results, but the proposed

method outperforms the single-GRA method with

equal weights and the hybrid method based on

GRA and PCA.
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