
Optimization of Machining Process
Parameters Using Grey Fuzzy Method

Vajrala Venkata Reddy, Ravi Kumar Mandava, and K. Srunivasulu Reddy

1 Introduction

Turning operation is one of the most common machining operations in which rota-
tional parts are being produced by removing material, thereby obtaining reduced
size of required diameter. The turning operation can be performed generally in lathe
machine with the use of single-point cutting tool. For turning the workpiece in lathe,
it is required to fix the cutting tool in the fixture and the workpiece made to be
rotated continuously. In various kinds of industries, the turning is the most widely
used machining operation to produce required shape of different components [1, 2].
According to the wide research conducted in the area of MMC cutting process by the
researchers around the globe, it has been found that the main aspects affecting MMC
turning operation predominantly depend on the type of material being used [3, 4].
Usually, according to the guidelines set by standard handbooks, the experience of
operators and the knowledge, the machining parameters are selected. However, if the
chosen machining parameters are not optimum, then it may eventually increase the
cost of the product [5]. By choosing the best machining parameters, one can achieve
high machining performance [6]. In the process of choosing the best combination of
best machining parameters, the researcher makes use of the optimization techniques
[7].With improved properties, metal matrix composites (MMCs) render awide range
of excellent options in designing new products. MMCs have increased strength and
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enhanced stiffness, wear resistance, dimensional stability even at highest tempera-
tures and low coefficient of thermal expansion. When it comes to aluminium metal
matrix composites (AMCs), aluminium alloy remains the matrix material, whereas
the other phases comprise of B4C, SiC, Gr, Al2O3, etc. The composite’s mechanical
strength and its wear resistance increase when the ceramic particles are incorporated
in aluminium alloys [8–10]. Suhasini G [11], reported that the significant impact-
creating factor is the feed rate followed by depth of cut and cutting speed for quality
characteristics like surface roughness (Ra) and material removal rate (MRR) when
turning A356/5 wt. % SiCp. According to Ciftci [12], the surface roughness values
produced by uncoated carbide tools are quite better than the coated carbide tools,
during turning of Al 2014/SiC MMCs in dry machining condition. With the help of
sensitivity, a multiple criteria optimization approach was proposed by Isik and Kentli
[13], and the study considered two objectives such as the lessening of cutting forces
and increased removal of material, when the unidirectional glass fibres are turned, in
order to minimize the specific cutting pressure, surface roughness and tool wear and
further to maximize the material removal, a research was conducted by Palanikumar
[14] which made use of grey relational grade and Taguchi method. In that study, the
GFRP/epoxy composites were turned on with the help of carbide (K10) tool. Further,
in the study conducted by Krishnamoorthy [15], grey fuzzy logic was applied to opti-
mize the parameters involved in the drilling process of plastic composite plates that
are reinforced with carbon fibre. In order to optimize the machining parameters
followed when drilling hybrid aluminium metal matrix composites, Rajmohan [16]
utilized grey fuzzy algorithm.

In case of unclear and indecisive environment, fuzzy logic-based applications are
primarily used. In today’s research trends, the optimization of various manufacturing
processes is primarily executed by fuzzy logic-based, multicriteria decision-making
techniques. Deng [17] introduced the grey systemwhich is an influential tool that can
make use of poor, incomplete and vague data [18, 19] too. Grey relational technique
is the hot research topic among today’s researchers who effectively used it to trace the
intricate relationships among different objectives in a wide range of manufacturing
fields [20–23]. Grey relational grade (GRG) is determined by averaging the GRC
of every response for converting the optimization of multi-objective performance
characteristics into optimization of a single GRG [21]. In their study [23], Lin and
Lin utilized grey fuzzy logic method to optimize the EDM process of SKD11 alloy
steel with a number of process responses. Present investigation is focused on turning
performance of A7075/fly ash/SiC AMMC in terms of Ra and MRR under dry
machining condition with uncoated carbide-tipped tool inserts.

2 Experimentation

The weight of AMMCs having 10% of SiC and fly ash particles of size 53 μm were
fabricated by stir casting route taken as reference for machining as at this percentage,
better mechanical properties were analysed by Venkata Reddy [10].
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Stir casting routewas followed to prepare the composites.Melting ofA7075 ingots
was performed in an electric furnace with graphite crucible. At 770 °C, molten metal
pool was stirred at the centre of the crucible with the help of a mechanical stirrer
that rotates at 500 rpm. SiC and fly ash particulates were preheated and dropped in
a uniform fashion into the melt. With the purpose of avoiding agglomeration at the
time of stirring, the particles were ensured to have a smooth and continuous flow.
Since the cast gets exposed to the atmosphere while stirring, argon inert gas-based
shielding was maintained throughout for 2–3 min to avoid oxidation. Then, molten
metal is poured into cast iron moulds which is preheated to 200 °C. The fabricated
ingots were kept in amuffle furnace at 110 °C for 24 h to remove any residual stresses
induced in the castings and to reduce the chemical inhomogeneity [10].

Uncoated tungsten carbide inserts are used as a cutting tool. Rough turning on
fabricated ingots is first performed on lathe machine to make specimens of uniform
diameter as shown in Fig. 1. Initially, based on the available feeds and speeds on
the lathe, pilot experiments were conducted to find the range of feeds and speeds for
material removal rate aswell as good surfacefinish.Once the levelswere identified for
depth of cut, cutting speed and feed, the Taguchi’s L16 orthogonal array was opted
to develop the experimental design. Table 1 lists all the factors and their selected
levels.

Mitutoyo’s surf test SJ-210, an instrument which is generally used to measure
the surface roughness, was used in this experiment to calculate the average surface

Fig. 1 Specimens of A7075 reinforced with fly ash and SiC

Table 1 Factors and levels selected

S. No. Factor Unit Levels of factors

Level 1 Level 2 Level 3 Level 4

1 Cutting speed rpm 400 800 1200 1600

2 Feed mm/rev 0.05 0.10 0.16 0.20

3 Depth of cut mm 0.2 0.4 0.6 0.8



484 V. V. Reddy et al.

roughness (Ra) of 16 specimens by measuring the surface roughness at three various
locations.

Either using Eqs. (1) or (2), the material removal rate was calculated so as to
deduce the productivity evaluation.

MRR = 1000 v f d mm3/min (1)

(or) MRR = πDN f d. (2)

In the equations above, N denotes spindle speed (rpm), whereas the cutting speed
is denoted by v (m/min). Here, D denotes the workpiece diameter and f denotes the
feed (mm/rev), while d is the depth of cut (mm).

3 Methodology, Results and Discussion

3.1 Grey Relational Analysis (GRA)

Grey relational analysis (GRA) converts the optimization of multiple response char-
acteristics into single grey relational grade. The procedure involves (i) conversion of
experimental data into normalized values, (ii) evaluation of GRCs and (iii) gener-
ating GRG. In this work, it is decided to optimize simultaneously Ra and MRR.
Experimental data sets based on L16 orthogonal array were used.

The response values are normalized to Zi j (i.e. 0 < Zi j < 1) utilizing the third
equation (Eq. 3) for smaller better type, whereas for larger better type, Eq. (4) is
used.

Zi j = max
(
yi j , i = 1, 2, . . . n

) − yi j
max

(
yi j , i = 1, 2, . . . n

) − min
(
yi j , i = 1, 2, . . . n

) (3)

In the equation above, n denotes the number of replications while yi j denotes the
observed response value with i = 1, 2, …, n and j = 1, 2, …, k.

Zi j = yi j − max
(
yi j , i = 1, 2, . . . n

)

max
(
yi j , i = 1, 2, . . . n

) − min
(
yi j , i = 1, 2, . . . n

) (4)

Equation (5) is nothing but the grey relational coefficient (ζ ) which can be exhib-
ited as the relation that exists among the ideal best and actual normalized experimental
values

ζ (k) = �min+ζ�max

�oik+ζ�max

(5)
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where i = 1, 2, … n; k = 1, 2, … n; �min = mini min j‖x0(k) − xi (k)‖; �max =
maxi max j‖x0(k) − xi (k)‖. When taking an average of grey relational coefficients
of every performance characteristic, then it results in grey relational grade (∝i) and
Eq. (6) denotes the same.

∝i= 1

n

n∑

k=1

ζ (k) (6)

where ∝i denotes the GRG for ith experiment, whereas k denotes the number of
output responses.

3.2 Fuzzy Inference System

There are four models present in the fuzzy inference system such as defuzzification
interface, fuzzification interface, rule base and database followed by decision-making
unit finally [24]. The database defines the fuzzy sets’ membership functions and is
followed by fuzzy rules, while the decision-making component executes the implica-
tion operations based on the framed rules. The fuzzification line converts the inputs
into degrees of matching with linguistic values, whereas the fuzzy rules of the impli-
cation are converted into output by defuzzification interface [25]. In fuzzy rule base,
there are two inputs and one output present which are driven by if–then control
rules. In Fig. 2, the fuzzy interface system is illustrated on the basis of which further
prediction is executed.

Fig. 2 Fuzzy interface system
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3.3 Steps for the Grey Fuzzy Logic Method

Figure 3 shows the process that was followed to determine the best possible
machining parameters for multi-response optimization. In this methodology, there
are totally six steps followed which are described herewith.

Step 1 The turning parameters and their levels are all pre-authorized so that the
experiments are executed with the help of L16 orthogonal array.

Step 2 Based on Eqs. (3) and (4), the face values of all the data pre-processing
responses are obtained. Using Eq. (5), the grey relational coefficient ζ i(k) is
calculated for every response following which the same equation is utilized
to produce the overall GRG α too.

Step 3 Using membership function, the fuzzification of the grey relational coeffi-
cient is acquired from all the responses in addition to the fuzzification of the
overall GRG. The fuzzy rules being established in linguistic form relating
GRC as well as overall GRG seem to be satisfactory.

Step 4 The fuzzy multi-response output is determined with the help of max–min
interface operation, after which the centroid defuzzification is deployed so
as to determine the grey fuzzy reasoning grade using MATLAB tool box.

Step 5 Based on response table and response graph, the best combination of param-
eters is chosen. Further it is anticipated to identify the contribution from
every single factor and its interactions on multi-response output with the
help of ANOVA.

Step 6 The confirmation tests are carried out in order to verify the outcome.

Fig. 3 Steps for the grey fuzzy logic method
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3.4 Analysis of Variance

Analysis of variance (ANOVA) was conducted in order to measure the difference per
cent among the available set of sources. It is generally applied in order to calculate
the contribution made by the input parameters chosen for the study than the output
response. The results and the inferences made from the ANOVA can be utilized
to find out the parameters that can be held accountable for the performance of the
particular process, and it can regulate the parameters for better performance.

4 Results and Discussions

4.1 Calculating the Grey Relational Coefficients

The current research work makes use of two inputs and one output (GFRG) fuzzy
logic system. Mamdani fuzzy inference system, i.e. the inference engine, was made
to perform fuzzy reasoning on the basis of fuzzy rules so as to generate a fuzzy
value. The fuzzy rules mentioned above are designed in the form of if–then control
rule. The fuzzy logic system has Ra and MRR grey relational coefficients as inputs.
The linguistic membership functions, for example, very low, low, medium and high,
were utilized to denote the GRC of Ra andMRR input variables. In a similar manner,
the output GRG was denoted through the membership functions, for instance, very
low (VL), low (VL), medium (M), low, high (H) and very high (VH). Figures 4
and 5 show the triangular-shaped membership functions which were utilized for this
work. The current research work put forth 16 fuzzy rules which were developed

Fig. 4 Membership functions for surface roughness and MRR
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Fig. 5 Membership function for multi-response output

by projecting the relationships that exist between GRC and GFRG values. Figure 6
shows the rule-based fuzzy logic reasoning. The fuzzy output can be achieved through
maximum–minimum compositional operation via tracking of the fuzzy reasoning.
With the help of MATLAB (R2018b) fuzzy logic toolbox, the defuzzifier changes
the fuzzy predicted values into GRFG, and these values are listed in Table 2.

Fig. 6 Fuzzy logic rules viewer



Optimization of Machining Process Parameters … 489

Table 2 Data pre-processing, GRC and GRG

Exp. No Normalized Data Ideal Sequence 1 Grey Relational
Coefficient

GFRG

MRR Ra Delta MRR Delta (Ra) MRR Ra

1 0.0000 0.7574 1.0000 0.2426 0.3333 0.6733 0.531

2 0.1102 0.6036 0.8898 0.3964 0.3598 0.5578 0.522

3 0.3043 0.1893 0.6957 0.8107 0.4182 0.3815 0.481

4 0.6117 0.0000 0.3883 1.0000 0.5629 0.3333 0.525

5 0.1223 0.6982 0.8777 0.3018 0.3629 0.6236 0.549

6 0.1264 0.8284 0.8736 0.1716 0.3640 0.7445 0.547

7 0.9741 0.3669 0.0259 0.6331 0.9508 0.4413 0.588

8 0.9110 0.3432 0.0890 0.6568 0.8489 0.4322 0.583

9 0.3104 0.9112 0.6896 0.0888 0.4203 0.8492 0.577

10 0.8382 0.8402 0.1618 0.1598 0.7555 0.7578 0.642

11 0.3529 0.4497 0.6471 0.5503 0.4359 0.4761 0.494

12 0.8868 0.3905 0.1132 0.6095 0.8153 0.4507 0.593

13 0.5632 1.0000 0.4368 0.0000 0.5337 1.0000 0.65

14 0.9353 0.9527 0.0647 0.0473 0.8854 0.9135 0.734

15 1.0000 0.7633 0.0000 0.2367 1.0000 0.6787 0.65

16 0.6117 0.5917 0.3883 0.4083 0.5629 0.5505 0.525

When theGFRG values are higher, it denotes its optimal multidimensional perfor-
mance characteristics. The mean value was analysed for GFRG. Table 3 lists the
rank of parameters on the basis of � (delta) statistics that can be derived from the
difference between highest and least average of GFRG of every factor. This rank
of parameters impacts multiple performance response. Figure 7 plots these rank
values alike the response graph in case of machining parameters. When the response
graph is greatly inclined, then the impact of the process parameters upon multiple
performance response would also be higher.

Figure 5 shows all the three inputs’ fuzzification. For example, Ra takes up its
GRC value. The triangular membership function graph is exhibited in such a way
that defines the way of mapping input and output values (Y = GFRG) between 0
and 1. Figure 6 shows the triangular-shaped membership function which is utilized
in the current research work.

Table 3 Response table for GFRG

Machining parameters Level 1 Level 2 Level 3 Level 4 Delta Rank

Cutting speed (A) 0.5147 0.5668 0.5765 0.6397 0.125 1

Feed rate (B) 0.5767 0.6112 0.5533 0.5565 0.058 3

Depth of cut (C) 0.5242 0.5785 0.5938 0.6012 0.077 2
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Fig. 7 Response graph for every level of machining parameters

On the basis of Table 3 and Fig. 7, the optimum values in case of machining
process parameters are listed as follows: depth of cut at level four (0.80 mm) (C4);
feed rate at level two (0.10 mm/min) (B2); cutting speed at level four (1200 rpm)
(A4). Simultaneously, when these conditions are used, it diminishes Ra and enhances
MRR along machining with all the investigated factors. Equation (7) shows the
response equation of GFRG. The maximum value (rank 1) of cutting speed (A)
highly influenced its multi-performance which can also be understood from Fig. 7.

GFRG = 0.6313 − 0.000068A − 0.957B − 0.316C

+ 0.000000A ∗ A − 3.49B ∗ B − 0.292C ∗ C

+ 0.000346A ∗ B + 0.000328A ∗ C + 3.414B ∗ C (7)

ANOVA, having executed at 95% confidence level, was done so in order to assess
the role played by every factor inmultiple performance characteristics. Large F-value
inferred that the change in process parameters severely impacted the performance
characteristic. Table 4 shows the ANOVA results. The % contribution of cutting
speed was determined as 43.43 as mentioned in ANOVA table of GFRG which
infers that a prominent role was played by cutting speed in the determination of
GFRG. Once the best level parameters for machining were decided from S/N ratio
graph, the tests for confirmation were conducted in order to ensure the improvement
in the multi-response feature of turning as shown in Table 5. Using optimal level of
turning parameters and using Eq. (8), the forecasted response value (γpredicted) can be
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Table 4 ANOVA for GFRG

Source DF Seq SS Adj MS F-value P-value Contribution (%)

A 1 0.029607 0.005077 0.56 0.484 43.43

B 1 0.003095 0.008170 1.83 0.225 4.54

C 1 0.012128 0.010458 3.02 0.133 17.79

A*A 1 0.000127 0.002432 0.31 0.596 0.19

B*B 1 0.001526 0.041243 2.67 0.154 2.24

C*C 1 0.002186 0.000041 5.4 0.059 3.21

A*B 1 0.001132 0.041960 1.03 0.350 1.66

A*C 1 0.005806 0.050393 14.34 0.009 8.52

B*C 1 0.010144 0.001110 25.06 0.002 14.88

Error 6 0.002428 0.000405 3.56

Total 15 0.068178 100.00

Table 5 Conformation experiments

Index Optimal settings Predicted values Experimental value

GFRG N = 1600 rpm, f = 0.10 mm/rev, d = 0.8 mm 0.7033 0.6923

calculated.

γpredicted = γm +
n∑

j=1

(γ0 − γm) (8)

in which, the γm denotes the overall mean multi-response value and γ0 denotes the
mean multi-response value at the optimum level of factors. In the equation, n denotes
the number of input process parameters. From the outcomes, it can be inferred that
the GFRG value of the optimal parameter condition (A4B2C4) seems to be high
when compared with the initial setting parameter condition. In addition to that, the
forecasted response value also seems to be closer to the experimental value.

5 Conclusion

The current study utilized the hybrid approach of grey fuzzy method in addition to
orthogonal array so as to best enhance the process parameters in the turning process of
Al7075/FA/SiC hybrid MMC for multi-response features. The researcher identified
a best combination of turning parameters along with their levels when it comes to
achieving the least surface roughness (Ra) value and a better material removal rate
(MRR). Based on the response noted fromGFRGvalues, the researcher found out the
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optimum combination levels of input process parameters: cutting speed 1600 rpm,
feed 0.1 mm/rev. and depth of cut 0.8 mm as shown in Fig. 7. Further, the study
concluded with the proposed method showing efficiency in finding a solution for
turning multi-response problems when compared to the methods used earlier.
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