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This study aims to optimize the input parameters such as mass fraction and particle size of SiC along with
depth of cut, feed and cutting speed in the milling of Al5059/SiC/MoS2. The hybrid metal matrix com-
posites are generally fabricated by reinforcing of different sizes (10, 20, 40 mm) of SiC with aluminium at a
different levels (5%,10% &15%) whereas the MoS2 addition is fixed as 2%. The effect of each control factor
on response variables are analyzed through Taguchi S/N ratio method. Also, the most significant method
for prediction of response parameters is satisfied by ANN model than the regression model. Analysis of
variance (ANOVA) results envisage that mass fraction of SiC, feed rate is the most domineering factor on
response variable.
© 2019 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Aluminium Metal Matrix Composites (AMMC) plays a vital role
in the recent trend of production technology. Generally, ceramic
particulates are added with aluminium alloys to fabricate the
AMMCs in order to attain the superior mechanical strength, wear
resistant and corrosion properties [1]. It had reached a great trend
of usage and importance attributable to their distinctive mechan-
ical and physical characteristic. These AMMCs largely replaced the
conventional ferrous material in automobile, marine and aerospace
industries owing to its higher in wear resistance and strength to
weight ratio. In general, every material should undergo some
machining operations towards achieving precise shape and size to
become a final product [2]. But the presence of hard reinforcements
in these materials makes the machining process (milling, turning
and drilling) quite difficult. Consequences of reinforcements during
machining are higher tool wear, poor surface quality and machine
vibration [3e5]. So, the machinability aspect finds importance in
the successful implementation of these advanced materials in
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potential applications.
Apart from the analysis of process parameters effect over

response variables, prediction of the response variable and process
parameter optimization is the twomajor practices generally carried
while analyzing a newer material during machining. Prediction of
response parameters based on the experimental data in machining
is important and very useful which is commonly done by devel-
oping regression equations. But, Muthukrishnan and Davim [6]
results show that ANN is the most effectual method when
compared to the regression equation to forecast the relationship
flanked by surface roughness and input process parameters during
AMMC machining. Temel et al. [7], said that Artificial Neural
Network is an effective method for prediction of an output variable
with less error than any other method to identify the mechanical
and physical characteristics of Al2024-B4C MMCs. During CO2 laser
cutting the best solution to predict the surface roughness of mild
steel with good accuracy is fulfilled by ANN model [8]. So the ANN
model can be utilized to predict the response variable during
milling. The surface quality of the components plays a vital role in
escalating the customer satisfaction, which can be altered by con-
trolling the cutting parameters. Bhattacharyya and Manna [9] car-
ried out an experimental study onmilling of Al/SiC MMC and found
that feed rate has a substantial effect on surface roughness. The
nder the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Table 1
Weight percentage Composition of Al 5059.

Al Mg Mn Zn Fe Si Zr Cr Cu Ti

91.5 5.32 0.8 0.68 0.45 0.42 0.19 0.21 0.23 0.2
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experimental data were analyzed through ANOVA, it reveals that
the depth of cut is the maximum contributing parameter on ma-
terial removal rate and surface roughness in milling AA6082 T6
alloy [10]. On the other hand, by optimizing the surface roughness
of the composites there is a probability of an increase in cutting
forces. At the same time, higher Material Removal Rate (MRR) is
essential in industries for increased productivity and it can be
achieved by selecting proper input machining process parameters
like feed, speed, and depth of cut but mostly it has an adverse effect
on the cutting tool which affects the quality of product [11]. To
attain higher MRR, the depth of cut and feed rate are increased
along with the selection of the proper cutting tool. However, Babu
et al. [12], found that the cutting force increases in tangential di-
rection when the depth of cut increases during milling of Al/SiC
MMC. Emel Kuram et al. [13], results expose that the feed force
increases with increase in spindle speed, feed rate and depth of cut
while the radial force is also increased with increase in depth of cut
during milling. Conversely, an increase in cutting force leads to
machine vibration and tool chattering which diminishes the quality
of the machined surface. Sivasakthivel et al. [14], reported that
increase in spindle speed results in increased temperature during
end milling of Al 6063 alloy and also states that formation of built-
up edge occurs due to temperature increment which result in a
minimal surface finish. Also, increase in temperature leads to
deformation in the workpiece that leads to poor machining accu-
racy [15]. The aforementioned facts confirms that MRR and other
response parameters have opposite effect while changing the input
parameter and it is necessary to identify the neutral machining
parameter combination that gives reduced temperature. GRA and
ANOVA results reveal that feed rate is the most influencing pa-
rameters which determine MRR and surface roughness while
machining of Al6063 T6 alloy [16]. Tomadi et al. [17], studied the
cutting process parameters in end milling of AlSi/AlN composites
by Taguchi and GRA method. The result reveals that uncoated
carbide tool with feed rate 0.4 mm/tooth, depth of cut 0.3mm,
cutting speed 240mm/min and 15%weight percentage of AlN is the
optimal combination to achieve minimum surface roughness, tool
wear, and higher MRR. Machining of AMMC reinforced with the
different weight percentage of B4C has been studied and the in-
fluence of machining parameters on thrust force, the surface
roughness is reported. The weight percentage of B4C is the most
influencing factor for surface roughness. 10% of B4C and 2000 rpm
of spindle speed and 0.1 mm/rev feed rate are the optimum com-
binations identified through GRA on cutting force and surface
roughness [18]. Tsao [19] performed the multi-objective optimi-
zation on end mill parameters while milling Al 6061P-T651 alloy
through GRA. The grey relational optimal combination effectively
decreased the surface roughness from 0.44 mm to 0.24 mm. Further,
GRA is a simple tool which does not require any complex formu-
lations for multi-objective optimization; hence the results can be
obtained in a short time. So the GRA technique can be used for
solving this multi-objective problem. Sudhagar et al. [20], studied
the comparison on the effect of welding parameters on tensile
strength, hardness and impact strength. The optimum combination
of parameters was analyzed using GRA technique. The result re-
veals that the GRA method is most satisfied than other technique
for optimizing the response parameters.

It is a remarkable fact to state here that particle size and the
weight percentage of the reinforcement also has a greater effect on
machining characteristics [21]. But, most of the studies only dis-
cussed the effect of the weight percentage of reinforcements
whereas there is only a limited number of studies were carried out
to find the effect reinforcement particle size over the response
variables. Further, from the literature survey, it was evident that
many researchers have studied the machining characteristics of
Please cite this article as: Ajith Arul Daniel S et al., Multi objective predictio
hybrid metal matrix composites using ANN and Taguchi -grey relational a
various metal matrix composites and alloys by considering merely
one or two response variables. But to the best of author's knowl-
edge, investigation of machining process using six response pa-
rameters are yet to report. To overcome these research gaps, along
with machining parameters and reinforcement percentage, the
effect of reinforcement size on responses variables were analyzed
and totally six response parameters namely surface roughness,
temperature, material removal rate, feed force, radial force, and
tangential force are considered in this study. The effect of each
input parameters on every response variables has been analyzed
and the optimal input conditions are identified. Further, for pre-
diction of response parameters, regression model and ANN model
are formed and their performance is compared. The optimum
parameter combination that gives better multi-objective perfor-
mance is identified through GRA.
2. Experimental details

2.1. Specimen preparation

Al 5059 armor aluminium is used as the base material and its
chemical composition is shown in Table 1. Silicon carbide ceramic
particles and Molybdenum disulphide solid lubricant was selected
as reinforcements. SiC particles of three various sizes (10, 20, and
40 mm) were reinforced at three different weight % (5, 10 & 15) and
weight fraction of MoS2 is kept constant as 2% [30]. The composi-
tions of developed aluminium alloy are shown in Table 2.
2.2. Milling experiments

Aluminium hybrid MMC workpiece with the dimensions of
100mm� 65mm� 15mm is used for the experiments. The SIE-
MENS802D BMV 40 320D control system based three-axis Com-
puter Numerical Controlled (CNC) machining center is used for this
experimental work and the Kistler 9257B dynamometer is used for
measuring cutting force of the CNC machines. The experimental
setup for milling is shown in Fig. 1 and machined workpiece is
shown in Fig. 2.
2.3. Process parameters

Table 3 shows which include feed, speed, and depth of cut with
material parameters such as size and percentage of SiC, each at
three levels are the input process parameters selected for the
experimental study.
3. Experimental design and optimization

3.1. Taguchi S/N ratio analysis

To analyse the input parameters, the experimental design was
done using the Taguchi orthogonal array method to minimize the
number of experiments [22]. Based on the Taguchi design, L27
orthogonal array was selected. The ‘smaller is better’ criteria is
selected and calculated using the formula.
n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Table 2
Hardness composition of Aluminium Metal Matrix Composites.

SiC size/mm 10 10 10 20 20 20 40 40 40
SiC weight/% 5 10 15 5 10 15 5 10 15
BHN 83 84.52 86.66 78.33 82.33 83.6 75.16 76 78.3

Fig. 1. Experimental setup.

Fig. 2. After milled specimens.

Table 3
Control parameters and corresponding levels.

Sl. No. Factors Nomenclature Unit Values

I II III

1 Weight fraction of SiC A % 5 10 15
2 Particle size of SiC B mm 10 20 40
3 Cutting speed C rpm 500 1000 1500
4 Feed rate D mm/min 200 400 600
5 Depth of Cut E mm 0.5 1 1.5

Fig. 3. Architecture of Artificial neural network.
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S=N ratio ¼ �10lg

 
1
n

Xn
i¼1

y2i

!
(1)

To determine the S/N ratio for the metal removal rate which has
to be improved, the ‘larger is better’ criteria are selected and the
equation is

S=N ratio ¼ �10lg

 
1
n

Xn
i¼1

1
y2i

!
(2)

Where ‘i’ is an entire number of experiments, ‘yi’ is the experi-
mental outcome of ith experiments.
Please cite this article as: Ajith Arul Daniel S et al., Multi objective predictio
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3.2. Artificial Neural Network model

Artificial Neural Network [23] is an information-processing
model enthused the brain processes in order. It consists of a large
number of interconnected processing elements named neuron
working in parallel to solve a particular problem.

Fig. 3 shows the structure of a three-layer Artificial Neural
Network (ANN). The input neurons are the mass fraction of SiC, the
particle size of SiC, speed, feed, and depth of cut likewise the output
neurons are surface roughness, temperature, MRR, Fx, Fy, and Fz.
The input and output values are trained using back propagation
algorithm and 27 experimental data are trained and validated.
3.3. Grey relational analysis

Grey relational analysis with Taguchi design is the better solu-
tion to know the combined response parameters [24]. There are
three main steps involved in GRA for analysis. The first stage is to
normalize the measured output function individually. Since the
aim, is to minimize surface roughness, temperature and cutting
force, ‘smaller is better'normalization equation is selected and it
can be expressed as

Yij ¼
�
max

�
zij
�� �zij��

max
�
zij
��min

�
zij
� (3)

In case of metal removal rate, the criteria chosen is larger is
better, so the equation is

Yij ¼
�
Zij �min

�
zij
�

max
�
zij
��min

�
zij
� (4)

Where Zijis the value obtained from the experiment data, min
(Zij) is the minimum value from the experiment. Similarly, max (Zij)
is the maximum data obtained from L27Tagughi design.

The normalized data is calculated using the following equation.

GRCij ¼
ðdmin � gdmaxÞ�
dij � gdmax

� (5)

The higher grey relational grade implies the ultimate combi-
nation of eminence characteristics of milling. The GRG grade is
determined using the equation below.

GRGi ¼ 1
nεGRCij (6)
n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Table 4
L27 orthogonal array and results.

Sl.
No

SiC/% SiC Size
/mm

Cutting Speed
Rpm

Feed Rate
/Mm$

Min-1

Depth of Cut
/mm

Material
Removal
Rate (MRR)

Surface Rough
Ness (Ra)

Temperature (T) Feed
Force (Ff)

Radial
Force (Fr)

Tangential
Force (Ft)

Input Parameters Larger is better Smaller is better

1 5 10 500 200 0.5 0.03504 0.206 38 207 102.8 147.2
2 5 10 500 200 1 0.058084 0.245 43.8 248.8 145.4 168.4
3 5 10 500 200 1.5 0.095126 0.263 53 355.2 245.2 199.2
4 5 20 1000 400 0.5 0.081989 0.228 46 248.8 167.11 185.1
5 5 20 1000 400 1 0.099009 0.251 50.9 329.7 223 202.8
6 5 20 1000 400 1.5 0.140967 0.291 57.8 442.5 306.1 234.5
7 5 40 1500 600 0.5 0.165411 0.249 55.6 369.1 208.83 197.9
8 5 40 1500 600 1 0.192822 0.294 60.3 492.2 312.01 232.9
9 5 40 1500 600 1.5 0.236733 0.334 68.2 594.5 344.62 254.4
10 10 10 1000 600 0.5 0.0994 0.363 61.5 451.8 302.2 222.2
11 10 10 1000 600 1 0.131708 0.367 66.3 589.8 395.4 250.8
12 10 10 1000 600 1.5 0.171606 0.428 72.3 698.6 442.8 262.2
13 10 20 1500 200 0.5 0.041156 0.217 57 304 189.4 189.2
14 10 20 1500 200 1 0.065312 0.244 62.5 345.9 237.3 216.2
15 10 20 1500 200 1.5 0.101468 0.297 69.3 402.5 288.8 228.5
16 10 40 500 400 0.5 0.068027 0.296 47.6 236.7 129.47 189.5
17 10 40 500 400 1 0.109054 0.308 58 331.8 185.3 213.7
18 10 40 500 400 1.5 0.138008 0.336 63.1 435.1 266.4 218.6
19 15 10 1500 400 0.5 0.064003 0.327 69.2 466.7 296.2 258.7
20 15 10 1500 400 1 0.109006 0.356 79.4 541.8 421.8 268
21 15 10 1500 400 1.5 0.136009 0.422 85 684.2 481 297.7
22 15 20 500 600 0.5 0.075325 0.404 62 434 251 235.2
23 15 20 500 600 1 0.12651 0.451 70.1 546.2 312.6 245.1
24 15 20 500 600 1.5 0.159765 0.467 75.6 599.2 404.1 264.8
25 15 40 1000 200 0.5 0.032805 0.214 52.4 256.4 195.85 191.2
26 15 40 1000 200 1 0.069761 0.294 58.5 309 216 210.2
27 15 40 1000 200 1.5 0.119465 0.308 65.1 375.2 259.6 230.5
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4. Results and discussion

4.1. Signal-to-noise ratio analysis

Table 4 shows the L27 orthogonal array and experimental results
corresponding to the input parameters.

Fig. 4 shows the optimal combination of parameters for lower
surface roughness i.e. A1B3C2D1E1. Minimum percentage of SiC
(5%) with 40 mmparticle size, 1000 rpm cutting speed, 200mm/min
Fig. 4. Mean S/N ratio graph

Please cite this article as: Ajith Arul Daniel S et al., Multi objective predictio
hybrid metal matrix composites using ANN and Taguchi -grey relational a
feed and 0.5mm depth of cut resulted in the good surface finish.
Also from the figure, it can be observed that the surface roughness
is high at higher feed rate. The increase in feed rate increases the
surface roughness of the MMC. When the feed rate has increased
the distance between the two successive tool paths increases and
feed marks can be clearly identified [25] and leads to increased
roughness. At the higher depth of cut, the development of high
normal pressure on the rake face of the tool results in the formation
of built-up edge that resulted in poor surface finish [26]. On the
for surface roughness.

n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Fig. 5. Mean S/N ratio graph for temperature.
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other hand, the roughness of the machined surface decreases with
increase in speed. Since the formation of built-up-edge (BUE) and
chip fracture is high at lower speeds the surface roughness in-
creases and with the increase in cutting speed the BUE become
extinct and decrement in chips fracture results in better surface
finish [27].

Fig. 5 describes the optimal parameters to maintain the mini-
mum temperature during the experiment and is A1B3C1D1E1. In-
crease in weight percentage of SiC is the main aspect which
influences the rise in temperature during the milling process. In-
crease in weight fraction of SiC leads to higher hardness value, and
harder composites are difficult for machining, resulting in an in-
crease in the temperature. Increase in DOC increases the contact
between the tool and work and a large number of chips are
removed from the workpiece [28]. A large amount of heat is
generated within a very small moment and shorter contact time
Fig. 6. Mean S/N ratio
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between the tool and workpiece results rise in temperature [29].
Fig. 6 shows the optimum input parameters combination for

higher MRR as A1B3C3D3E3. The 40 mm size SiC at 5%, 600mm/min
of feed rate, 1500 rpm of cutting speed and 1.5mm of the depth of
cut are the optimum parameters for higher MRR. The MMC with
40 mm size SiC particles reinforced at 5% exhibits the lower hard-
ness and it is familiar that the lower hardness composites can be
machined easily; hence the material removal rate is very high for
the MMC with lower weight percentage reinforcement [30]. In-
crease in weight percentage and decrement in size of the rein-
forcement increases the hardness of the MMC, so the MRR
decreases with increase in reinforcement content and reduction in
reinforcement particle size [31].

During the machining process, cutting force is an important
factor to be measured. When cutting force increases it results in
tool wear, breakage of the tool and poor surface quality [32]. The
graph for MRR.
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Fig. 7. Mean S/N ratio graph for feed force.
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cutting force is divided into three components namely feed force,
radial force and tangential force and from Fig. 7, it can be noted that
A1B3C1D1E1 is the optimal parameters for minimum feed force. As
a result of more energy is required for machining operation which
tends to increase in feed force [33]. Increase in the percentage of
reinforcement shows the high feed force due to an increase in the
hardness of the material [30].

From Fig. 8, the optimum combination for minimal radial cut-
ting force (Fr) can be noted as A1B3C1D1E1. The increase in DOC
increases the radial cutting force predominantly because the con-
tact between the tool and the workpiece increases the rotation
direction [34]. The cause for the increase in cutting force with
higher feed rate is due to the increase in chip load per tooth at
maximum feed rate [35]. At maximum speed, the cutting force
increases due to unevenness of chip formation which causes
considerable changes in chip thickness which leads to an increase
in cutting force [36].
Fig. 8. Mean S/N ratio gr
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From Fig. 9 it can be noted that the optimum combination for
tangential cutting force is A1B3C1D1E1. Due to the increase in feed
rate more material is removed from the workpiece also built up
edge is formed which creates difficulty in machining and it tends to
increase the cutting force. The hardness is increased at the addition
of a high percentage of ceramic particles in thematrixwhich results
in an increased cutting force. Also with the increase in depth of cut
and cutting speed, the point of contact of flute length of the tool is
increased which leads to tool chattering and hence tangential
cutting force increases [37]. Also at a high feed rate, there is a
greater impact on tool and work material; at this case, the cutting
force are faintly increased [38].
4.2. Regression model analysis

The regression models are used to the made correlation be-
tween among the unknown parameters, independent and
aph for radial force.
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Fig. 9. Mean S/N ratio graph for tangential force.
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dependent variables. Equations of 7e12 shows the regression
models generated from the general linear model.

Ra ¼ 0:080944 þ 0:0098 � A� 0:00126429 � B

� 0:0000262 � C þ 0:0002964 � D þ 0:07133� E

(7)

T ¼ 14:2561 þ 1:59744� A � 0:143833� Bþ 0:0105911

� C þ 0:0256389� þ13:3389� E

(8)

MRR ¼ �0:07899 � 0:0021855� A þ 0:000978� B

þ 0:000029 � C þ 0:0002102 � D þ 0:072425� E

(9)

Fx ¼ 105:045 þ 10:2766 � A � 2:87987� B þ 0:0896567

� C þ 0:547633� Dþ 179:166 � E

(10)

Fy ¼ 94:0306 þ 8:70089 � A � 2:47636 � B þ 0:0819656

� C þ 0:303669 � D þ 132:862� E

(11)

Fz ¼ 78:4167 þ 4:21111 � A � 0:479762� B

þ 0:0290889 � C þ 0:106917� Dþ 41:5778 � E

(12)

Where, A-Wt % of SiC, B-Particle Size of SiC(mm), C-Cutting Speed
(rpm), D- Feed (mm/min), E-Depth of cut (mm). In this study, the
predicted experimental results by regression equation are further
compared with the ANN model.

4.3. Artificial Neural Network analysis

The connectionism systems/Artificial Neural Networks (ANN)
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are the most efficient computational algorithm, to the finding of an
optimal solution in any situation the best solution can obtain based
on the expert of training of the system. All the 27 experimental
results were used for training the ANN model. The predicted
response values through ANN are compared with mathematical
model and Taguchi results and that are represented graphically
from Fig. 10 to Fig. 15. The efficiency of each model is assessed by
using the R2 value of model [39] i.e. higher the R2 value in themodel
performs better than other models. The residual plot of models for
surface roughness is given in Fig. 8. From the plot, the R2 value of
ANN, regression and Taguchi model are 98.18%, 96.14%, and 97.73%.
It is clear that the ANN model performs well for surface roughness
prediction when compared with others. Similarly, the residual plot
of models for temperature has been represented in Fig. 9.

From Fig. 10 it is incurred that, ANN model predict temperature
with less error than the regression model. The R2 value of the
regression model for temperature during the milling process is
96.02% whereas the R2 value of the ANN model is 98.63%. Likewise,
the ANN model for material removal rate and three cutting forces
can estimatewith less error when compared othermodel which are
explained in Figs.11e15. It is understood that the ANNmodel seems
to be good for estimating the surface roughness, MRR, temperature
and cutting force.
4.3.1. Cross-validation
In order to predict the accuracy of the model 5 fold Cross-

validation has been adopted as shown in Fig. 16, also known as
rotation estimation, if the objective is the prediction, then it is
important to know how a model will generalize to variable data
while learning. Thus it helps to understand the accuracy of the
predicting model during trial runs. The initial stage of the cross-
validation involves the partition of data's into many subsets
which includes an equal number of samples. One subset will be
analyzed called training set while validating the other subset called
training set. This is a continuous process where different subsets
will be analyzed in order to reduce variability. And the average of all
the subsets has been determined and verified and which is shown
in the Table 5. The average of each response variables justifies the
predicted outcome of the training and testing model is obtained by
the formula given below
n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Fig. 10. Predicted value of experimental vs regression vs ANN model on Surface
roughness.

Fig. 11. Predicted value of experimental vs regression vs ANN model on Temperature.

Fig. 12. Predicted value of experimental vs regression vs ANN model on MRR.

Fig. 13. Predicted value of experimental vs regression vs ANN model on Feed Force (Ff).

Fig. 14. Predicted value of experimental vs regression vs ANN model on Radial Force
(Fr).

Fig. 15. Predicted value of experimental vs regression vs ANN model on Tangential
Force.
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Mean Accuracy ¼ P1þ P2þ P3þ P4þ P5
5

¼ Pmodel

4.4. Grey relational analysis

The Taguchi method is a robust statistical method to identify
Please cite this article as: Ajith Arul Daniel S et al., Multi objective predictio
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and capable to solving a single objective optimization problem. In
order to find the optimum combination for multiple response
functions, GRA is pursued. Table A1 shows the normalized value for
output variables.

Table A2 shows the grey relational grade calculated by average
of the sum of the GRC. The higher value of grey relational grade
n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Fig. 16. 5 fold- cross-validation.

Fig. 17. Mean S/N ratio graph Grey relational grade.

Table 5
Average of subsets.

Response Parameters Average in/%

Surface Roughness 94.496
Temperature 91.60
Material Removal Rate 97.3
Feed Force 95.98
Radial Force 94.52
Tangential Force 95.89

Table 6
Response table for grey relational grade.

Level SiC/% SiC size Cutting speed Feed rate Depth of cut

1 0.6393 0.5306 0.5884 0.6314 0.6267
2 0.5351 0.5422 0.5492 0.5398 0.5415
3 0.4794 0.5811 0.5163 0.4826 0.4856
Delta 0.16 0.0504 0.0721 0.1487 0.1411
Rank 1 5 4 2 3
Total mean GRG¼ 0.551
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shows the optimum combination of process parameters. Table 6
shows the mean value of GRG and the total mean value of GRG for
each input process parameters of grey relational grade. The optimal
combination of response parameters by grey relational grade is
shown by the mean effect graph. GRG result proves that the per-
centage of SiC is the dominant factor which affects the response
parameters shown in Fig. 17. A1B3C1D1E1 is the optimal combi-
nation of the input parameters for milling of AMMCs identified by
GRA. This function represents the finest combination for milling of
aluminium hybrid metal matrix composites using multi-objective
Please cite this article as: Ajith Arul Daniel S et al., Multi objective predictio
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grey analysis.
4.5. ANOVA for grey relational grade

Analysis of Variance (ANOVA) is performed to find the signifi-
cance and percentage influence of process parameter over the
quality and characteristics. Table 7 shows the ANOVA results for
grey relational analysis. Based on the percentage of contribution,
the most dominating factor for milling operation is a percentage of
addition of reinforcement (SiC) to the composites, feed rate
n and optimization of control parameters in themilling of aluminium
nalysis, Defence Technology, https://doi.org/10.1016/j.dt.2019.01.001



Table 7
The ANOVA results of the analysis for grey relational grade.

Source DF Seq SS Adj SS Adj MS F P Contribution/%

SiC/% 2 0.118702 0.118702 0.059351 38.45 0.000 31.93
Particle Size 2 0.012565 0.012565 0.006282 4.07 0.037 3.38
Cutting speed 2 0.023453 0.023453 0.011727 7.6 0.005 6.30
Feed rate 2 0.101334 0.101334 0.050667 32.82 0.000 27.26
Depth of cut 2 0.090942 0.090942 0.045471 29.46 0.000 24.46
Error 16 0.024698 0.024698 0.001544
Total 26 0.371694

Table 8
Comparision results between initial and optimal machining parameters.

Initial Milling Parameters Optimal Milling Parameters

Prediction Experiment

Level A3B3C2D1E1 A1B3C1D1E1 A1B3C1D1E1
Surface Roughness 0.216 0.206
Temperature 50.4 38
Material Removal Rate 0.0323 0.03504
Feed Force (Ff) 219.4 207
Radial Force (Ff) 182.6 102.8
Tangential Force (Ft) 170.1 147.2
GRG 0.674 0.6863 0.889

S. Ajith Arul Daniel et al. / Defence Technology xxx (xxxx) xxx10
followed by the depth of cut, cutting speed and particle size of SiC
are the factors which influence the milling quality of the AMMCs.

4.6. Confirmation experiment

By grey relational analysis, the optimal combination of the
process parameters is identified to improve the milling character-
istics. The final stage of GRA is to verify the obtained optimum
condition for multi-objective quality characteristics through
confirmation experiments. The equation for confirmation experi-
ments can be expressed as [32].

r ¼ rt þ
Xn
i¼0

ðrm�rtÞ (13)

Where rt total mean of the grey relational grade is, rm is mean of
grey relational grade at optimum level and ‘n’ is the number of
milling parameters. The optimum combination for input control
parameters is A1B3C1D1E1 and calculated grey relational grade by
equation (13) is 0.6863. Table 8 shows the confirmation experiment
for response parameters. It can be noted that the experimental
value of surface roughness, temperature, cutting forces and MRR
are considerably enhanced by GRA.

5. Conclusion

In this present study, A novel method was adapted to find the
effect of machining parameters of innovatively developed hybrid
Table A.1
Normalized value for response parameters

Sl. No Surface roughness(Ra) Temperature/ 0C Feed Fo

1 1 1 1
2 0.850574713 0.876170213 0.91497
3 0.766283525 0.680851064 0.69853
4 0.915708812 0.829787234 0.91497
5 0.827586207 0.725531915 0.75040
6 0.674329502 0.578723404 0.52095
7 0.835249042 0.625531915 0.67024
8 0.662835249 0.525531915 0.41985
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composites. A single objective function and a multi-objective
function named Taguchi design based grey relational analysis
were adapted to find the optimal combination of the input process
parameters, for lowering the surface roughness, cutting force,
temperature and to attain higher material removal rate in dry
milling condition.

1. By Taguchi,s single objective function the result shows that an
addition of weight percentage of the reinforcements results in
higher surface roughness, temperature, cutting forces and
lowering the material removal rate. At the same time increase in
particle size of the composites tends to decreases in surface
roughness, temperature, cutting forces and increase in MRR.

2. The predicted value of experimental data proposed by the ANN
model is much more significant than the regression model for
every response parameters in the milling of these AMMCs.

3. The optimal combination of input parameters identified by GRA
is lower reinforcement percentage, speed, feed, depth of cut and
higher particle size. ANOVA results that the GRG reveal the
weight percentage of SiC, feed rate and depth of cut are the most
influencing parameters which affect the output parameters.

4. Finally, the confirmation test outcome results unveil that the
GRG value is increased by 0.215.
Appendix A
rce Ff Radial Force Fr Tangential force Ft MRR

1 1 0
1522 0.887361185 0.859136213 0.178734
5395 0.62347964 0.65448505 0.349020
1522 0.829957694 0.748172757 0.288628
6835 0.682178741 0.630564784 0.366870
1993 0.462453728 0.419933555 0.559755
0033 0.71964569 0.663122924 0.672126
3539 0.446827076 0.430564784 0.798137

n and optimization of control parameters in themilling of aluminium
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Table A.1 (continued )

Sl. No Surface roughness(Ra) Temperature/ 0C Feed Force Ff Radial Force Fr Tangential force Ft MRR

9 0.509578544 0.357446809 0.211757526 0.360602856 0.287707641 1.000000
10 0.398467433 0.5 0.502034174 0.472765732 0.50166113 0.368668
11 0.383141762 0.39787234 0.221175753 0.226335272 0.311627907 0.517190
12 0.149425287 0.270212766 0 0.101004759 0.235880399 0.700606
13 0.957854406 0.595744681 0.80268511 0.771020624 0.720930233 0.100914
14 0.85440613 0.478723404 0.717453214 0.644368059 0.541528239 0.211962
15 0.651340996 0.334042553 0.602318959 0.508196721 0.459800664 0.378174
16 0.655172414 0.794680851 0.939585028 0.929481756 0.718936877 0.224443
17 0.609195402 0.574468085 0.746135069 0.781861449 0.558139535 0.413048
18 0.501915709 0.465957447 0.536004882 0.567424643 0.525581395 0.546153
19 0.536398467 0.336170213 0.47172498 0.488630354 0.259136213 0.205944
20 0.425287356 0.117659574 0.318958503 0.156530936 0.197342193 0.412827
21 0.172413793 0 0.029292107 0 0 0.536962
22 0.24137931 0.489361702 0.538242474 0.608143839 0.415282392 0.257995
23 0.061302682 0.317021277 0.310008137 0.445267054 0.349501661 0.493295
24 0 0.2 0.202196908 0.203331571 0.218604651 0.646171
25 0.969348659 0.693617021 0.899511798 0.753966155 0.707641196 0.062524
26 0.662835249 0.563829787 0.792514239 0.700687467 0.581395349 0.232414
27 0.609195402 0.423404255 0.657851912 0.585404548 0.446511628 0.460908

Table A.2
Grey Relational Co-efficient and Grades

Sl.
No

Surface roughness(Ra) Temperature/ 0C Feed Force Ff Radial Force Fr Tangential force Ft MRR GRG Rank

1 1 1 1 1 1 0.333333 0.888889 1
2 0.769912 0.801501 0.854659 0.816142 0.780197 0.378425 0.733472 2
3 0.681462 0.61039 0.623858 0.570437 0.591356 0.434412 0.585319 19
4 0.855738 0.746032 0.854659 0.746222 0.665046 0.412755 0.713409 3
5 0.74359 0.645604 0.667028 0.611381 0.575086 0.441256 0.613991 20
6 0.605568 0.542725 0.5107 0.481906 0.462934 0.531776 0.522602 15
7 0.752161 0.571776 0.602584 0.640735 0.597459 0.603957 0.628112 21
8 0.597254 0.5131 0.4629 0.474756 0.467537 0.71239 0.537989 13
9 0.504836 0.437616 0.388126 0.438829 0.412442 1 0.530308 14
10 0.453913 0.5 0.501019 0.486744 0.500832 0.441957 0.480744 9
11 0.447684 0.453668 0.390984 0.392568 0.420744 0.508746 0.435732 22
12 0.370213 0.406574 0.333333 0.357399 0.395532 0.625474 0.414754 4
13 0.922261 0.552941 0.717036 0.68589 0.641791 0.357376 0.646216 6
14 0.774481 0.489583 0.638939 0.584363 0.521664 0.388187 0.566203 12
15 0.589165 0.428832 0.556991 0.504132 0.480677 0.445702 0.500916 18
16 0.591837 0.708899 0.892196 0.876396 0.640153 0.391986 0.683578 24
17 0.56129 0.54023 0.663249 0.696244 0.530864 0.460002 0.575313 10
18 0.50096 0.483539 0.518675 0.53615 0.513126 0.524193 0.512774 11
19 0.518887 0.429616 0.486251 0.494379 0.402945 0.386382 0.453077 7
20 0.465241 0.361705 0.423355 0.372171 0.383831 0.459908 0.411035 25
21 0.376623 0.333333 0.339972 0.333333 0.333333 0.519191 0.372631 27
22 0.39726 0.494737 0.519882 0.560629 0.460949 0.402575 0.472672 8
23 0.347537 0.422662 0.420171 0.474054 0.434594 0.49667 0.432615 23
24 0.333333 0.384615 0.385266 0.385604 0.3902 0.585597 0.410769 26
25 0.942238 0.620053 0.832656 0.670211 0.631027 0.347832 0.674003 5
26 0.597254 0.534091 0.706728 0.625538 0.544304 0.394451 0.567061 17
27 0.56129 0.464427 0.59372 0.54669 0.474614 0.481189 0.520322 16
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