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Abstract—The turning process is considered to be one of the
most important machining processes. The various
combinations of the input parameters can indeed determine
the fate of the quality of the produced parts. This study aims
to investigate the effect of various combinations of the input
parameters on the surface roughness and the force required
in order to elicit the optimal set. An L18 orthogonal array
has been constructed using the JIMP software for four input
variables (i.e. the use of lubricant, cutting speed, depth of
cut, and feed rate). Grey relational analysis has been utilized
to identify the optimal set of the investigated inputs, which
leads to the optimal machining characteristics (i.e. surface
roughness and cutting force).

Index Terms—qrey relational analysis, Taguchi, turning
process, surface roughness, cutting force

I.  INTRODUCTION

Turning operation is the most common machining
process, which is implemented using a lathe machine to
produce cylindrical or conical part [1] by using a single
point or multi points cutting tool. The overall efficiency
of turning operations can be evaluated based on different
characteristics such as tool life, cutting force, surface
roughness, production cost, production time, and
dimensional accuracy [1], [2]. Cutting speed, feed rate,
depth of cut, and tool geometry are considered to be the
most important parameters that affect not only the overall
efficiency of such a process but also the quality of the
produced product [3]. It is very crucial to select optimal
levels of the machining parameters that can improve the
performance and effectiveness in addition to minimizing
the production costs. In this study, we used grey
relational analysis to optimize the turning operations with
multiple performance characteristics, including cutting
force and surface roughness.

The research in this study builds on existing literature
that uses an optimization approach to manage machining
by turning to achieve optimal machining characteristics.
The turning optimization problem has been extensively
studied by researchers considering multiple performance
characteristics such as surface roughness, material
removal rate, cutting force, and tool life. The importance
of using optimal cutting parameters was first identified by
Taylor [4] in his book entitled “On the art of cutting
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metals”. His study aimed to improve the performance and
productivity of the Midvale steel company in the state of
Philadelphia. Different optimization techniques have
been implemented in the related literature to optimize the
machining processes. These techniques were primarily
focused on determining the optimal quality characteristics.
According to Lakshmanan et al. [5], the optimization
problems can be classified into single or multi-objective
based on the solution being provided. A single objective
optimization problem usually defines an optimal solution.
On the other hand, a multi-objective optimization
identifies a set of optimal solutions from which one
solution needs to be elicited. This is due to the number of
objectives that need to be considered in each problem.
Many studies propose optimization models that aim to
optimize single performance characteristics, including
production cost [2],[6]-[9] and surface roughness [10]-
[12]. In general, machining optimization problems aim to
optimize more than one quality characteristics, in other
words, it takes into account more than one objective.
Therefore, it is considered to be a multi-objective
problem. Other models also account for optimizing
multiple performance characteristics, such as surface
roughness and residual stress [3], power consumption and
surface roughness [13], surface roughness and material
removal rate [14], and surface roughness and cutting
force [15].Surface roughness is one of the most important
performance characteristics for the turning operation .It
has considerable influence on other properties such as
fatigue strength, wear resistance, and aesthetic appeal
[16]-[18]. Mahapatra et al. [17] study was focused on
investigating the factors that affect the surface roughness
of parts produced using the turning operation. Their
results showed that surface roughness is affected by many
factors such as: feed rate, work material characteristics,
work hardness, cutting speed, unstable built-up edge,
cutting time, depth of cut, tool cutting edge angle and
nose radius, and the stability of machine tool and
workpiece. Likewise, Sonowal et al. [19] reported that
there are four factors that significantly affect surface
roughness, namely; cutting speed, spindle speed, feed rate,
and depth of cut.

The Taguchi method has been widely adopted in the
experimental design of the turning operation. It is a
powerful tool that serves as a basis for the optimization of
a large variety of machining processes.
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The traditional Taguchi method has been employed to
solve a single objective optimization problem in various
applications. However, most of the machining
optimization problems are multi-objective. Kacal and
Yildirim [20] used Grey Rational Analysis (GRA) to
optimize the turning parameters of AISI D6 tool steel for
better surface finish and lower tool wear. According to
their results, the preferred cutting parameters of the work
material included 250 m/min cutting speed, 0.05 mm feed
rate, and 0.2 mm depth of cut for better machining
performance.

GRA, is usually utilized to convert a multi-objective
problem into a single objective one [21], [22]. Note that
GRA is derived based on the Taguchi method. Therefore,
it is suitable for solving problems with complicated
input/output interrelationships [23]. Several research
studies have been implemented using the well-known
Taguchi method, or the Taguchi based GRA technique to
find the optimal parameters for different machining
processes. For instance, Shunmugesh and Paratheesh
applied the GRA to find the optimal parameters for the
drilling operation [24]. Thorat and Thakur used it to
optimize the parameters of burnishing operation [25].
Using the Grey-Based Taguchi method, Franko Puh et al.
[26] studied the multi-criteria optimization of turning
process parameters to obtain maximum Material Removal
Rate (MRR) while achieving low surface roughness (Ra).
In Eskandari et al. [27] Taguchi-based GRA was applied
in optimizing turning parameters for multiple response
variables, including surface finish, tool life, and material
removal rate of a super alloy based on iron-nickel.

Table |1 summarizes some of the research studies that
utilize Taguchi method and the GRA, also, it provides the
type of materials and the investigated inputs and outputs.
The majority of work presented in the related literature
were focused on optimizing the quality attributes of the
machined specimen individually, or improving the
process effectiveness or efficiency. However, both the
quality attributes of the machined specimens and the
process performance need to be considered
simultaneously in any optimization attempt. Therefore, in
this research work, the grey based relational approach
based on multi objective is employed to define the
process parameters’ levels that can optimize both the
quality attribute of the machined specimen represented by
the surface roughness and the machine performance
represented by the cutting force required. The rest of the

paper is organized as follows: The experimental work is
summarized in Section Il. The theoretical background of
the grey relation-based optimization technique is
provided in Section Ill. The results obtained from this
study are presented and discussed in Section 1V. Finally,
Section 'V provides conclusions and  some
recommendations for future work.

Il.  EXPERIMENTAL WORK

There are many parameters that can affect the required
cutting force and the surface roughness of a specimen
machined using the turning process. Such parameters
have different effects (i.e. direct or inverse, and
considerable or negligible). Among the various
parameters, rotational cutting speed, depth of cut, feed
rate and the use of lubricant are investigated in this
research work primarily because of their considerable
effects. Cylindrical AISI D2 steel specimens with a
diameter of 20mm and length of 110mm were processed
by a lathe machine (Colchester Master 2500, UK) under
different combination of the cutting parameters, Fig. 1.
Such a machine is equipped with a Carbide tipped insert
coated with TiN cutting tool. Each specimen has a
chemical composition of 1.5% Carbon, 0.3% Silicon,
12% Chromium, 0.8% Molybdenum and 0.9% Vanadium.
In order to machine the specimens, each one was placed
with its longitudinal axis aligned with the feed direction.
It is worth mentioning that at this stage the levels of the
parameters were determined based on trial experiments.
Table Il. presents the values used in this experiment,
these values were tied to the machine limits and are based
on expert’s knowledge.

Tyl
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Figure 1.Thelathe machine

TABLE I. SUMMARY OF SOME PUBLICATIONS ON OPTIMIZING THE TURNING OPERATION VIA TAGUCHI METHOD AND GRA

References Material type Input parameter

Output

Prakash et al. [21] AlSi7TMg feed rate, cutting speed, and depth of cut surface roughness, material removal rate
Lakshmanan et al. [5] Al7075 feed rate, cutting speed, and depth of cut surface roughness, material removal rate
Palanisamya & Selvarajb[28] Incoloy 800H feed rate, cutting speed, and depth of cut surface roughness, material removal rate

Sregjith et al. [3] -

feed rate, cutting speed, depth of cut, tool

surface roughness, residual stresses.

edge geometry, and the work piece hardness.

Ranganathel al. [29] Aluminium 6061

feed rate, cutting speed, and depth of cut

surface roughness

Nalbantet al.[30] AISI1 1030 steel

insert radius, feed rate and depth of cut

surface roughness

Hascalik and Caydas [31] Ti-6Al-4V

feed rate, cutting speed, and depth of cut

surface roughness and tool life

Kishore et al.[32] Al6061-TiC

feed rate, cutting speed, and depth of cut

surface roughness and cutting force
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Kosaraju and Chandraker [33] MDN350 steel

feed rate, cutting speed, and depth of cut

surface roughness and cutting force

Ramesh etal [34] Mg Alloy (AZ91D)

feed rate , cutting speed

surface roughness, tool flank wear

Viswanathan et al [35] Mg Alloy (AZ91D)

depth of cut

cutting condition, cutting speed, feed rate,

tool flank wear, surface roughness,
cutting force, cutting temperature

Viswanathan et al [36] Mg Alloy (AZ91D)

cutting speed, feed rate, depth of cut

cutting force, material removal rate, tool
flank wear, surface roughness

In this research work, a partial factorial design of
experiments based on L18 orthogonal array was
employed using the JMP software. It is worth
emphasizing that each experiment was repeated three
times to ensure good precision of analysis. Once the
specimens were machined, the cutting force (KGF) and
the surface roughness represented by the Ra value (pm)
were measured. The cutting force and the surface
roughness value were measured using two Dial Gauges
Type 60/0.002mm and a Portable Stylus-Type
Profilometer with LCD display, respectively. The well-

known linear correlation analysis was employed to
investigate the relationships between the input parameters
(Table I1).

TABLE Il. THE LEVEL OF THE INPUTS PARAMETER

Inputs Inputs’ level
Use of lubricant Dry and Cutting fluid (Zinol, UAE)
Cutting speed 175, 235 and 320 (rpm)
Feed rate 0.05, 0.1 and 0.16 (mm/rpm)

Depth of cut 0.1,0.15 and 0.2 (mm)

TABLE Ill. THE LINEAR CORRELATION ANALYSIS OF THE INVESTIGATED INPUT PARAMETERS

Cutting fluid

Surface roughness*

Cutting Force Surface roughness*

Outputs Dry
Inputs Cutting Force
Cutting speed 0.07
Depth of cut 0.65
Feed rate 0.75

-0.29 0.67 -0.09
-0.1 0.62
0.48 -0.08

Both the cutting force and the surface Ra values are
presented in Table Il1l. Various correlation coefficients
were obtained for the numerical input parameters (i.e.
cutting speed, depth of cut and feed rate) with and
without the use of lubricant. The correlation coefficients
were in the range of -0.29 to 0.75 for experiments without
the use of lubricant. On the other hand, the correlation
coefficients were in the range were in the range of -0.10
to 0.67 for experiments that were performed with the use
of lubricant. Note that the impact of using lubricant-as a
classical input parameter- was evaluated through the test
of hypothesis. It was evident that such a parameter has a
significant impact on both the cutting force and the
surface roughness as the P-values were less than 0.05.

I1l. GREY RELATIONAL GRADE

The GRA is usually used to determine a correlation
between sequences. The sequences can be ranked
according to their favorability using the resulting
correlation values. Since it is a simple technique that uses
the original data, the GRA has been employed in various
areas such as academia and manufacturing. The main
steps of the GRA are summarized as follows:

Generate grey relational: the main objective of this
step is to transfer the original data to compatibility
sequences. Thus, experimental results for the cutting
force and the surface roughness are first normalized to be
in the range of 0 to 1. For the kth response in the ith
orthogonal array experiment, the normalized value

X; (k) can be calculated according to the following
equations:

© 2022 Int. J. Mech. Eng. Rob. Res

For the larger the better:
x;(k)—min x; (k)

Xi (k) - max x;(k)—min x;(k) @
For the smaller the better:
* _ maxx;(k)-x;(k)
Xi (k) - max x;(k)—minx;(k) @)
For the desired the value x* (k) the better:
* xi(k)—x*(k)
x; (k) = l @3)

max{max x;(k)—x*(k),x*(k)—min x;(k)}

where the use of specific equation depends mainly on the
nature of the output/response. For instance, in some
applications, users prefer a very smooth surface (i.e. very
low surface roughness represented by the Ra value).
Therefore, the Ra value in such a case needs to be as
small as possible, and accordingly, Equation (2) should
be used.

Define a reference sequence: the second step in the
GRA is to define a reference sequence. After generating
the grey relational according to the previous step, the

values of X; (K) will be in the range of 0 to 1.A value of

1 means that the value of the k’th response in i’th
experiment is the best among all experiments. Therefore,
the reference sequence is represented by x and has a
value of 1 for all responses.

Define the deviation sequence: the deviation sequence
(A,;) is calculated from the reference sequence and the

comparability sequence as follows:
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Doi(k) = |xo(k) — x; (k)| )

Calculate the relational coefficient: The grey relational
coefficient is calculated from the normalized data using
Equation (5). Note that this equation expresses the
relationship between the desired and actual values:

§i(k) =

A.,and A are the largest and smallest value of

Amin"“SAmax
Api(K)+6Amax

®)

the deviation sequence (A ;), respectively. In this study,

o is the distinguishing or identification coefficient which
is in the range of 0 to 1. In this research work, the value
of O was 0.5.

Calculate the grey relational grade: the grey relational
grade ( ;) is a performance index that is used to
determine the optimal combination of the cutting
parameters. It converts the grey relational coefficient
values into single grey relational grade. The grey
relational grade is calculated by determining the average

of the grey relational coefficients for each
output/response as follows:
1

Vi = - 2k=15i(k) )

IV. RESULTS AND DISCUSSION

In this study, Taguchi's method and grey relational
analysis are used to optimize turning operations with
multiple performance characteristics. Most of the work
presented in the related research centered around
improving either the quality attributes of the machined
specimen or the efficiency or effectiveness of the process
itself. However, regardless of optimization attempts, it is
necessary to consider both the quality attributes of the
machined specimens as well as the process itself. In this
study, a grey based relational approach is applied and a
multi objective approach is employed to identify the
process parameters' levels compatible with maximizing
the quality of the machined specimen, which is
represented by the surface roughness, as well as the
machine performance, depicted by the cutting force.
In grey relational analysis, cutting force and surface
roughness obtained from Taguchi method may be
converted into a single performance characteristic, grey
relational grade, to optimize multiple performance
characteristics at once. Using this method, it is possible to
optimize multiple performance characteristics that are
complicated in many ways. The study shows that the
performance characteristics of turning operations such as
cutting force and surface roughness can be improved
simultaneously with this proposed method.

An L18 orthogonal array was constructed using the
JMP software. The cutting force (F) and the surface
roughness were measured as explained in Section II.
Table IV summarizes the results obtained through our
experiments.

TABLE IV. THE L18 ORTHOGONAL ARRAY AND THE EXPERIMENTAL RESULTS OBTAINED

Exp. Lubricant Rotational Feed Depth Force Ra
speed rate of cut Average Std Average Std

1 1 1 3 3 14.3133 2.5990 34.2923 4.1569
2 1 2 3 3 22.7948 4.1565 27.4307 4.3343
3 2 3 1 3 14.5646 3.0251 15.13 5.6902
4 2 1 1 3 10.3174 6.4722 10.7977 3.3991
5 1 2 1 1 11.0558 6.7929 39.2583 22.2166
6 2 3 2 3 19.4257 8.0025 15.3057 4.70334
7 2 1 2 2 11.6473 4.377 13.1437 4.8361
8 2 2 1 1 12.5305 1.5394 11.1597 6.8925
9 1 3 2 1 10.8025 8.9244 17.382 4.7628
10 2 1 3 1 10.0393 4.9002 20.1397 9.2483
11 2 2 2 2 15.3466 3.4296 14.9527 5.1538
12 1 3 1 2 13.9578 5.4084 19.6247 3.2699
13 1 1 1 2 11.7055 3.4432 15.0383 2.0562
14 1 2 2 3 17.2986 11.7992 23.7783 13.3391
15 2 3 3 1 11.9882 1.3439 11.915 3.9577
16 1 1 2 1 12.3435 2.7549 20.8193 13.016
17 2 2 3 2 14.0119 3.6750 20.5857 1.2822
18 1 3 3 2 16.6982 3.8927 19.815 4.3697

In this research work, the cutting force and the surface
roughness were preferred to be as small as possible.
Therefore, Equation 2 was applied for the two

outputs/responses to calculate X; (1) and X, (2) (which
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are the grey relational for the cutting force and the
surface roughness for the 'th experiment, respectively).
The grey relational converted the values for each
response in all experiments into a value in the range of 0
and 1 (a value of 1 means that the response of a given
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experiment is the best among all other values). The
resulting grey relational values from all experiments are
shown in Table V.

TABLE V. THE GREY RELATIONAL AND DEVIATION SEQUENCE
VALUES FOR THE 18 EXPERIMENTS

R x@ xm@ Al 2.(2)
1 0.664 0174 0335 0.825
2 0 0.415 1 0.584
3 0.645 0.847 0.354 0.152
4 0.978 1 0.021 0
5 0.920 0 0.079 1
6 0.264 0.841 0.735 0.158
! 0.873 0.917 0.126 0.082
8 0.804 0.987 0.195 0.012
9 0.940 0.768 0.059 0.231
10 1 0.671 0 0.328
1 0.583 0.854 0.416 0.145
12 0.692 0.689 0.307 0.310
13 0.869 0.851 0.130 0.148
14 0.430 0.543 0.569 0.456
5 0.847 0.960 0.152 0.039
16 0.819 0.647 0.180 0.352
o 0.688 0.656 0311 0.343
18 0.477 0.683 0.522 0.316

TABLE VI. THE GREY RELATIONAL COEFFICIENTS AND GREY
RELATIONAL GRADES

Exp. £(1) £(2) ¥i Rank
! 0.59 0.37 0.48 17
2 0.33 0.46 0.39 18
3 0.58 0.76 0.67 8
4 0.95 1 0.97 1
5 0.86 0.33 059 13
6 0.40 0.75 0.58 14
! 0.79 0.85 0.82 4
8 0.71 0.97 0.84 2
o 0.89 0.68 0.78 6
10 1 0.60 0.80 5
1 0.54 0.77 0.65 10
12 0.61 0.61 0.61 11
13 0.79 0.77 0.78 7
14 0.46 052 0.49 16
15 0.76 0.92 0.84 3
16 0.73 058 0.66 9
1 0.61 059 0.60 12
18 0.48 0.61 0.55 15

After calculating the grey relational for the two
responses, the deviation sequence was calculated as

shown in Equation 4, (A, (1) and A, (2) are the

© 2022 Int. J. Mech. Eng. Rob. Res

456

deviation sequence for the cutting force and the surface
roughness, respectively). The deviation sequence values
are also listed in Table V. The grey relational coefficient

for the cutting force & (1) and for the surface roughness

& (2) were calculated as described in Equation 5 and are

presented in Table VI. Note that the higher the value of
the grey relational coefficient indicates a better response
value for the experiment.

As can be seen in this table, the best values of the grey
relational coefficient for the cutting force and the surface
roughness were the ones achieved in the 10°th and 4’th
experiments, respectively. In order to identify the
experiment that has the best performance considering the
two responses at the same time, the grey relational grade
was calculated to obtain a single numerical value for each
experiment.

Based on the grey relational grade, the experiments
were ranked, higher grey relational grade means that the
experiment is better according to the quality of the two
responses. The grey relational grades for the 18
experiments are listed in Table VI.

In order to define the best level for each input
parameter, the average values of the parameters were
calculated and presented in Table VII.

TABLE VII. THE AVERAGE VALUES OF THE GREY RELATIONAL
GRADES FOR EACH INPUT PARAMETER

Level Lubricant  Rotational speed  Feed rate Depth of cut
1 0.597 0.756 0.749 0.757
2 0.758 0.600 0.669 0.673
3 0.676 0.614 0.602

This step enables the user to choose the best level for
each parameter. In order to select the optimal
combination of the levels of the input parameters, the
levels with the maximum grey relational grade values
need to be selected.

Based on the results obtained, the experiment that was
conducted using the cutting fluid, speed value of 175rpm,
feed rate of 0.05 mm/rpm and depth of cut of 0.1mm
provided a compromised solution for the two investigated
outputs (i.e. the surface finish and the cutting force).

The effect of each parameter level on the grey
relational grade is shown in Fig. 2.

Confirmation test: As a final step, and after
identifying the most influential parameters, the
confirmation experiments are conducted to verify surface
roughness and the cutting force. To check the model, we
have repeated the experiment at different values of input
parameter. We included the proposed values by this paper
as one of the four experiments each experiment was
repeated three times. The average values for the cutting
force and the surface roughness were calculated as in
Table VIII. It is clear from the table that the proposed
values for the input parameters gave the optimal values
for both the surface roughness and the cutting force
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TABLE VIII. VALIDATION OF THE MODEL

exp Lubricant Rotational Feed Depthof Force Ra
speed rate cut
1 1 1 1 1 15.867 21.005
2 2 1 1 1 10.752  10.136
3 2 1 2 3 20.935 18.942
4 2 3 3 2 19.708  28.537

V. CONCLUSION

This research work was focused on investigating the
impact of input parameters on output parameters in
turning operation. Four input and two output parameters
of the turning process were analyzed. Namely; cutting
fluid, feed rate, depth and speed. And surface roughness

and the cutting force. The goal was to define the best
combination that lead to the minimum surface roughness
and cutting force. Since such a case is considered as a
multi-objective  optimization problem, the Gray
Relational Analysis (GRA) was used to determine the
optimal combination of the input parameters. Among the
various levels of the input parameters, it was found that
the best surfaces roughness and cutting force can be
obtained by using a cutting fluid, cutting speed of 175
rpm, depth of cut of 0.1 mm, and feed rate of 0.05
rpm/mm. Future work should focus on investigating the
advantages of combining the fuzzy logic with the GRA.
This approach will enable further analysis that account
for uncertainties (e.g., measurement uncertainties).

average grade vs Lubricant average grade vs Rotational Speed
0.8 0.8
0.75 - 0.75 X
] / % \
® 07 S 0.7
& / & \ /
@ 0.65 ® 0.65 N
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g 06 ./ g 06 3
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0.5 0.5
0 1 2 0 1 2 3 4
the levels od lubricant the levels of rotational speed
(@ (b)
average grade vs Feed Rate average grade vs depth of cut
0.8 0.8
0.75 o 0.75 *,
S \ S \
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Figure 2. The grey relational grade for (a) Use of lubricant; (b) Rotational speed; (c) The feed rate; (d) The depth of cut
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