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ABSTRACT

There is a new way to optimising the turning characteristics of aluminium alloy AA 6063 T6 based on I. Taguchi L9 orthogonal array and
current research. The tests employ aluminium alloy AA 6063 T6. It is used for turning trails in dry cutting conditions with the uncoated
carbide inserts. Optimization of cutting parameters including cutting speed, feed rate, and depth of cut take into consideration both surface
roughness (Ra) and the material removal rate (MRR) (MRR). Based on the grey analysis, a grey relational grade (GRG) is created. ANOVA is
used to determine whether variables have a significant effect once the optimal number of components has been determined using grey
relational grade values. The findings of the exam are verified by doing a follow-up test. This conclusion is supported by the data gathered
throughout the research. Increasing the turning process's response time is an option.

Taguchi and ANOVA, Grey Relation Analysis, S/N Ratio, Material Removal Rate, and Taguchi Method

INTRODUCTION

It has always been  challenging  for
Manufacturinglndustries to develop items easily with
high quality and high production rates in order to stay
competitive in the global market... To produce a
particular shape and size, a procedure known as
turning is used. This involves rotating pieces that spin
the product.

A Lathe machine uses cutting tools to remove the
undesired material from the workpiece, allowing us
to get the required form. Making a U-turn is
critical.in the engineering industry. It is a property of
surface texture to have a roughness to it. An idealised
surface's departures from reality are quantified by
measuring the direction of the normal vector's
deviations. The top is rough A smooth surface is one
with minimum roughness when these variations are
taken into account; this is often referred to as the high

frequency, short wavelength Surface metrology refers
to the measurement of a surface's constituent parts.
As a result, industries need a greater material removal
rate (MRR) in order to increase their production
capacity good quality while keeping a high pace of
manufacturing. Cutting speed, feed, and depth of cut
may all be increased to get a high MRR.High cutting
speeds need additional power, which may exceed the
capability of the machine tool. As the parameters of
the process rise, It becomes hotter to cut things.
When it comes to efficiency, effectiveness, and
economy, establishing the right process parameters is
critical to success. achieving these aims via the use of
machining-based manufacturing (higher MRR and
product quality). Cutting speed, feed rate, and other
factors are critical in turning. Surface polish,
roundness, and MRR are all influenced by the cut's
depth.
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A neural network and experimental design were the
primary concerns of Choudhury and Bartarya [5].
The ability to foresee tool wear. With respect to the
outputs, we looked at cutting zone temperature and
surface polish as well as wear on the flanks as inputs.
In the case of turning SCM 440 alloy steel, the
Taguchi technique is used to figure out the ideal
value of surface roughness. ANOVA (Analysis of
Variance) was used to examine the findings of the
experiment, which was developed using the Taguchi
method[13]. The Taguchi method's orthogonal array
paired with three-parameter grey relational analysis
to optimise two responses: roughness of surface and
removal of material, taking into account speed, depth
of cut, and feed rate in terms of precision machining.
For the multi-objective features, we used the
MINITAB programme to examine the mean impact
of Signal-to-Nonsense (S/N) ratio [16]. For each of
the many replies, a grey relationship grade is
assigned. The Taguchi technique of parameter design
has been used to optimise numerous performance
parameters, such as surface roughness, roundness,
and MRR for turning AA 6063 T6 in this work. Grey
relational analysis was also utilised to optimise
several response qualities.

MATERIAL SPECIFICATION

For the AA 6063 T6, the constituents are as follows:
0.6 weight percent Si, 0.34 weight percent Fe, 0.09
weight percent Cu, 0.09% Mn, 0.88% Mg, 0.092
weight centigrammes Cr, 0.095 weight centigrammes
Zn, 0.092 weight centigramme Ti and 97.321 weight
centigrammes aluminium. Doors, extrusion, window
frames, and irrigation tubing are all frequent
applications for this metal. The part was machined
using a CNC lathe. An uncoated carbide insert tool is
utilised. DCGT 11 T3 04 is the cutting tool's model
number. Surfcorder SE 1200, Surface profilometer,
was used to measure the surface roughness. Dry-
cutting conditions were used for the machining.

EXPERIMENTAL WORK:

Taguchi's L9 orthogonal array was used to build the
trails with three parameters and three tiers. Taguchi's
approach, a strong tool for experiment design, was
utilised to perform the tests. In order to allocate the
components selected for the experiment, Taguchi
recommends the usage of orthogonal array designs.
As a result of a unique design of arrays, Taguchi
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experiments may cover a wide range of parameters in
a short period of time. This strategy significantly
decreases the number of tests necessary to model the
response  functions compared to the usual
experimental methodology. Table(1) displays the
factors and parameters that were employed, as well as
the values allocated to each. For L9 orthogonal array,
the experimental data is shown in Table (2).

RESULTS AND DISCUSSION

Optimal Multi-Response Planning With GRA, To
determine the optimal process parameter settings for
a single response characteristic, Taguchi's method is
adequate. When there are several replies with varying
levels of quality, the best approach is to use GRA to
combine them into a single response. It is also
possible to use grey analysis to compare two objects.
Finite data that seems to be erratic. Because of
this,Achievement is made by following GRA
processes optimization of wear parameters in a multi-
response manner this effort in which xi A reference
sequence (k) is denoted by (k). the iiith experiment's
pre-processing and your Mean of the original
sequence is shown.responses.

C. Computation of Grey Relational Coefficient and
Grade

After normalising the sequence, the next step is to
determine the reference sequence's deviation
sequence. using Equation (2) as a guide:

0i(k) = |x0 is the solution. k xi
* Is it right, k) (2) where x0 = 0i(k)
* Xi (K)

K denotes the deviation, reference, and comparability
sequences. Equation (3): table is used to calculate the
grey relational coefficient (GRC) (3). That
experiment 2's control parameter setting had a higher
grey relational grade suggests that it was the best
setting for both MRR and surface roughness among
the nine selected trials, according to table(2). Since
we're aiming for greater numerous performance
characteristics, we looked at the bigger, better S/N
quality characteristics for the grey relational grade.
The S/N ratio of a parameter's value is what
determines its optimal setting. As a result, N1f2d2
was chosen as the ideal process parameter setting for
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numerous performance criteria. D. Taguchi Method
S/N Ratios In order to decrease process variability
and improve the parameters, Taguchi employs
orthogonal arrays as a part of his technique. The
performance indicator is the signal-to-noise (S/N)
ratio a feature of the Taguchi technique for process
evaluation the degree to which actual results deviate
from expectations The Analyzing the S/N ratio means
calculating a logarithmic function as determined by
dividing the signal by the noise To reduce the volume
of background noise and the resulting damage,
greater S/N ratios are a result of uncontrolled
variables. preferred. The higher the S/N ratio, the
better the results.

the product's quality. Three kinds of S/N exist.
Higher is better; nominal is better; and so on.
Therefore, as demonstrated in Equations (6)(8), the
smaller the better:

() =10+ 0810332
G)wa = -10 *log,, (% i=1 Jﬁz)

(7)., = =10+ 1ogso (211 32)

Grade

This step follows normalising the sequence and
finding the deviation sequence for the reference
sequence. to follow the example of Equation (2)

The answer is 0i(k) = [x0.
xIn Chinese, it is written as:

xK) Is it correct? (2) This has the following equation:
where x0=0i (k)

* infinity plus one (k)

* K is the abbreviation for deviation, reference, and
comparison. The grey relational coefficient (GRC) is
calculated using equation (3): (3). It seems from table
that experiment 2's control parameter setting had the
highest grey relational grade, indicating that it was
the best option for both MRR and surface roughness
among the nine experiments examined (2). Due to
our need for increased performance diversity, we
examined the grey relational grade's larger and better
SIN quality features. The S/N ratio of a parameter's
value determines its ideal setting. Thus, across a wide
range of performance criteria, N1f2d2 was selected
as the optimal process parameter setting. The
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Taguchi D. Method is an example of this. Analyses
of S/N Ratio In order to enhance the parameters and
reduce the unpredictability of the process, As part of
Taguchi's method, orthogonal arrays are used. The
The signal-to-noise (S/N) ratio is a performance
metric. a characteristic of Taguchi's process
assessment method when actual findings differ
significantly from what was expected The It is
necessary to use a logarithmic function to analyse the
S/IN ratio. by dividing the signal by the background
noise To lessen the harm caused by background
noise, it is necessary to use noise-cancelling
headphones. The higher S/N ratios may be attributed
to the presence of uncontrollable factors. preferred.
Results are better when the S/N ratio is larger. the
standard of a certain product. There are three types of
S/N.The higher the number, the better.

As seen in Equations (6) and (8), the smaller the
better.

G. Graphs

1) Normal Probability Plot When the distribution is
normal, a graph is drawn of the residuals compared to
their predicted values. The distribution of the analysis
residuals should be consistent. Moderate deviations
from normality do not have a significant impact on
the outcomes of balanced or nearly balanced designs
or data sets with a high number of observations.
There should be a straight line on the normal
probability plot of the residuals. This may be seen in
Figure 3.

There are two ways to look at it: The residuals and
fitted values are shown on a graph. Randomly
distributed residuals should be found around zero.
Refer to Figure 4. H. GRG Confirmation Experiment
Results: The goal of this experiment is to check if the
quality of the product has improved. The following
equation may be used to predict the optimum reaction
once the ideal level has been determined: In this
equation, the mean S/N ratio at an ideal level (0)
equals the overall mean S/N ratio, and the number n
represents the number of primary design factors that
have an impact on quality attributes (i.e., O is the
optimal S/N ratio). A value of 0.7184 is predicted by
Eq (9) for an ideal combination of parameters (N1-
f2-d2), according to the grey relational grade (GRG).
This was followed by an experiment in which the
best possible combination of parameters was used for
testing purposes (N1-f2-d2). In the dining room, a
table is (7). Multiple performance characteristics
(GRG) are shown in contrast to the real one. The
confirmation experiment's grey relational grade was
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determined to be 0.7640. Cutting settings at two
distinct levels—Initial and Optimal Cutting—were
used in the confirmation experiment. The first
experiment condition is N1fldl, and the ideal
process parameter setting for the numerous
performance characteristics is N1f2d2. These are the
parameters used to determine the first cutting
parameters. Using the calculated various performance
parameters, the Prediction value of GRG and S/N
ratio are 0.7184 and -2.76601 respectively with
reduced spindle speed, lower feed rate, and medium
depth of cut of 0.15 mm (GRG). In N1f2d2 parameter
setting, the experimental GRG and S/N ratios are
0.7640 and -2.4271  respectively.  Multiple
performance parameters in the confirmation
experiments have an error rate between prediction
and experimentation that is approximately exactly
5.96 percent. As a result, a confirmation experiment
has confirmed the improvement in quality features.
5.229 - 2.4271 = 2.8019 dB for GRG is the difference
between the initial cutting parameters and the ideal
cutting parameters used to compute the increase in
S/N ratio.

Figures and Tables:
TABLE I, MACHINING PARAMETERS
Machining Parameters
Level | Level | Level
Sno | Factors | Symbel 1 ) 3
Spindle
Speed
L | pm) | N | 2000 | 3500 | 5000
Feed Rate
2 | (mm/rev) F 005 | 0075 | 0.1
Depth of
3 Cut (mm) D 0.1 015 0.2
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TABLE II. DESIGN OF EXPERIMENTS

| Design of Experiments
Smo| N F d Ra MRR
I | 2000 | 005 | 01 | 038 | 02123
21 2000 | 0075 | 015 | 0360 | 04302
30 2000 | 01 0.2 | 0535 | 0.56872
4 | 3500 | 005 | 015 | 0388 | 0.3865
S 13500 | 0075 | 02 | 0509 | 0.6872
6 | 3500 | 01 0.1 | 0533 | 0.5208
7| 5000 | 005 | 02 | 0459 | 0.5821
8 | 5000 | 0075 | 0.1 | 0469 | 04899
9 | 5000 | 01 | 015 055 | 08531
Exp. | Normalization 2;:& cco:g::::mll: mﬁ:iﬁm Rank
- Ra MRRE Ra MER Ra MRR G:;::E- o
1 0.80796 | 0.00000 | 000204 [ 1.00000 | 0.83051 | 033333 | 0.58192 4
100000 | 034004 | 0.00000 | 0.65096 | 1.00000 | 043105 0.71553 1
(] 011735 | 048143 | 088265 [ 051857 | 036162 | 040088 042623 9
7 049490 | 057709 | 0.50510 | 042201 | 049746 | 054177 0.51961 []
8 044388 | 043321 | 053612 | 0.56670 | 047343 | 046870 047106 8
9 000000 | 1.00000 | 1.00000 | 0.00000 | 033333 | 100000 | 0.66667 2

TABLE IV. RESPONSE TABLE FOR MEANS

Inital Cuttng Parameters| - OptimalCutting Parameters
Nif2d2
Predicton | Experiment
GRG 05819 g | 070
SNRato] 5.0 A0 |-

Leve Nl

Average mean = 0.55669 TABLE V. RESPONSE
TABLE FOR S/N RATIOS Larger is better
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Level N F D Main Effects Plot for SN ratios
Data Means
1 0.6021 0.5647 0.4931 N ' d
2 0.5155 0.5715 0.6582 u
3 0.5524 0.5339 0.5188 e,
&
Delta 0.0866 0.0375 0.1651 3 A .
% b .
Rank 2 3 1 H b
£ :
TABLE VII = /
45
) Percentage DO B0 W0 M0 % W 0 05 &®
Sour | D Adj F- P- ;
ce |F|AUSS| N6 | value| Value Co':lt('g;'ﬂo - oozt dator
N |32 0.{;15 13 o_%(;ss 163 | 00381 16.65 Fig 2 : Main Effects plot for SN ratios Data means
0.0023 | 0.0011 3.52
F 2 93 99 0.34 | 0.0744 Normal PIObablllty Plot
)
D ) 0.0473 | 0.0236 679 | 0.0128 69.58
72 86
%0 .
0.0069 | 0.0034 e
Eror [ 21 7oy | Tgg £ . .
00680 £ ¥ +
) > 5
Total | 8 76 o : .
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Clat Mears.
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The surface roughness (Ra) and material removal rate
(MRR) were measured under different cutting
conditions for diverse combinations of machining
parameters. The conclusions arrived, at the end of
this work are as follows: 1. From this analysis, it is
revealed that depth of cut and spindle speeds are
prominent factors that affect the turning of aluminum
alloy. The depth of cut (p=69.58%) is the most
influencing factor in determining the multiple
performance characteristics or grey relational grade
(GRG) followed by spindle speed (p=16.65%) and
feed rate (p=3.52%). 2. The best multiple
performance characteristics were obtained with an
uncoated carbide insert when turning aluminum alloy
with the lower spindle speed of 2000 rpm, lower feed
rate of 0.05 mm/rev, and medium depth of cut of 0.15
mm with the estimated multiple performance
characteristics (GRG) of 0.7184. The experimental
value of GRG for this combination of parameters is
0.7640. 3. The percentage of error between the
predicted and experimental values of the multiple
performance characteristics during the confirmation
experiments is almost within 5.96%. 4. The
improvement in the S/N ratio from the initial cutting
parameters to the optimal cutting parameters is
2.8019 dB for GRG. 5. The value of multiple
performance characteristics obtained from the
confirmation experiment is within the 95%
confidence interval of the predicted optimum
condition.
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