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A Hybrid metal matrix composite (HMMCs) material has gained a lot of interest among industries due to its superior
properties. Some of these properties are light in weight, high strength & rigidity, and high-temperature resistance. However,
due to poor machinability, faster tool wear, machining of such materials exhibits greater challenges. The WEDM of aluminum-
based HMMC Al16010 (10% SiC and 15% Al O;) is investigated. The input variable viz., pulse on time (7,,), pulse of time (7,),
peak current () and servo voltage (V) of the WEDM process was modelled using Response Surface Methodology (RSM). The
investigation was carried out through varying their effect on the material removal rate (MRR) and surface roughness (R,).
Using desirability analysis an attempt has been made to optimize the multiple responses simultaneously, the MRR and R, were
optimized for desirability and optimum result found as R, = 1.58 pm and MRR = 18.31 mm*/min corresponding to ¥ = 33.32
volt, T, = 117.45 ps, T,; = 45.041 ps and I = 219.70 A. In addition, the analysis of variance (ANOVA) is performed to
determine the significance of the selected input variable. It has been found that as peak current increases, MRR increases and
R, decreases. The RSM model's validity and appropriateness are confirmed by the test results.

Keywords: Hybrid metal matrix composite, WEDM, RSM, Surface quality, ANOVA.

Introduction for cost-effective machining. Two common traditional
machining processes, viz. turning and drilling as well
Composite materials have gotten a lot of attention in as Electrical Discharge Machining (EDM) and Wire-
the field of material science in recent years due to their cut Electrical Discharge Machining (WEDM)) are used
high demand in industry. The reinforcing phase (fibres, to machine HMMCs. In the case of conventional
particles, flakes) is one of its parts, while the matrix (in machining, it leads to high tool wear and high cutting
which reinforcement is embedded) is another (generally forces. These result in the damage of the workpiece and
continuous). Along with matrix components including increase machining costs. Non-conventional machining
aluminium, magnesium, and titanium, HMMC comprises such as EDM is suitable for machining of HMMCs.
two or more discrete particle reinforcements. They are The main advantage of the process is that the machining
reinforced either in a continuous, discontinuous or is performed without direct contact between the
particulate with ceramics-based abrasives like SiC, workpiece and tool/electrode. This further eliminates
B4C, ALO;, TiC, WC, Gr, ZrO, (5 to 20% of volume), the mechanical stresses/forces and vibration developed
and glass, to form HMMCs. Aerospace, marine, and during conventional machining. Several EDM processes
automobile industries are mostly beneficial of such com- have been evolved such as wire electric discharge
posite materials. However, due to its non-homogeneous machining (WEDM), sinking EDM, and micro EDM.
and anisotropic nature, it leads to poor machinability, All the process works on the basic principle of erosive
faster tool wear, and makes machining of such materials effect of material removal by the generation of spark.
challenging. Experimental-based process modeling and Some of the researchers studied the various factor
parameter optimization are the most important requirements affecting the surface quality of HMMCs during non-

conventional machining. The machining characteristics
of Al6063/SiCp composites using WEDM are investigated
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composite. The cutting width (kerf) of SiCp /6061Al
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MMC is examined using WEDM [2]. The stir casting
method was used to prepare the MMC of aluminum
6061 reinforced with 10% SiC particles (by weight)
sample. In comparison to pulse-off time, they found
that voltage and wire feed rate are significantly relevant
characteristics. The effect of WEDM machining
parameters on Al7075/SiC MMC are studied [3]. They
discovered that machining response were inherently
contradictory. The problem is solved using the NSGA-
11, which is formulated as a multi-objective optimization
problem. To produce a high surface quality of MMC, a
multi-cutting passes WEDM experiment is demonstrated
[4]. The machined surface's white layer or recast layer,
as well as the heat-affected zone (HAZ), were studied
using field emission scanning electron microscopy
(FESEM). During semi-finish cutting passes, the thickness
of white coating is reduced and is totally reduced
during the finish cutting pass. The influence of WEDM
parameters on the surface quality of Aluminium Metal
Matrix Composites (AMMCs) is investigated [5].
Aluminum alloy functions as the matrix, and silicon
carbide functions as reinforcement in the composite
material. The stir casting technique has been employed
to develop the (AMMC:s). Using grey relation analysis,
an experimental study was conducted to determine the
best combination of input parameters for electron
discharge machining of Al 6351 metal matrix composite
[6]. ANOVA analysis was also used to determine the
influence of each EDM parameter on composite material
surface quality. The experimental investigation of
Al6061/SiC/B4C hybrid MMCs in a WEDM are
discussed [7]. The influence of WEDM parameters on
MRR and R, are investigated. The findings suggest that
increasing SiC reduces MRR and improves surface
quality, whereas adding boron carbide reduces machining
performance. A higher pulse on-time resulted in a poor
surface quality. R, reduces when the pulse-off time was
increased. MRR, cutting speed, and R, for AlSi7Mg/
20% SiC reinforced MMC are examined utilising non-
traditional machining methods [8]. The machined surface
is mainly damaged by thermal degradation and the
presence of reinforcing particles. The WEDM of ZC63/
SiCp MMCs is investigated to optimise R, and MRR
[9]. RSM technique has been employed to study the
effects of WEDM process parameters on the surface
quality of hybrid metal matrix composites. An experiment
was carried out to minimize the kerf width and to
maximize the cutting speed. At optimal machining
conditions, they found the minimum kerf width of 0.271
mm and maximum cutting speed of 4.76 mm/min [10].
WEDM process parameters were optimized for the
machining of Inconel 625 superalloy materials. RSM
integrated multi-objective Grasshopper optimization
algorithm (MOGOA) has been used to optimize perfor-
mance parameters such as R, and MRR. The confirmatory
test is used to validate the obtained performance charac-
teristics. Hybrid approaches' performance is compared

to that of existing algorithms and found that the predicted
values are in good proximity to the experimental values
[11]. RSM is used to examine the effect of wire-cut
electric discharge machining input variables process
parameters on machining of heat-treated ASSAB'88
tool steel. To build the prediction models, a mathematical
model in the form of multiple regression equations that
correlated the dependent and independent parameters
was established. They found that MRR and R, charac-
teristics for untreated, annealed, and quenched samples
show different trends [12]. Taguchi technique has been
used to optimize the WEDM process parameters for
machining of AZ31B magnesium (Mg) alloy. The
influence of each input parameter on the machining
process was determined using ANOVA. They revealed
that pulse on-time has the greatest impact on surface
roughness, whereas voltage and pulse off-time had
minor effects on the process of surface roughness
reduction [13].

The influence of WEDM process parameters on the
machining of triple-reinforced hybrid aluminium (Al-
6061) metal matrix composites has been investigated
experimentally. To associate the machining response
characteristics with input parameters, a mathematical
model was developed. They came to the conclusion
that the mathematical relationships revealed for MRR
and spark gap (SG) lead to effective machining of hybrid
Al-MMCs. To investigate the creation of the recast layer
during machining, scanning electron microscopy (SEM)
and energy dispersive spectroscopy (EDS) were used to
examine the machined surface textures. [14]. Optimization
of the WEDM process parameters using hybrid RSM-
GRA for machining of pure titanium has been attempted.
ANOVA has been implemented to study the significance
of input variables on the output responses i.e., MRR
and R,. The surface integrity of the machined sample
has also been studied using a SEM. They concluded
that the finding of this study can be beneficial to
industrial application [15].

Optimized the process parameter to predict the tensile
strength of the prepared Aluminum Metal Matrix Com-
posite (AMMC) material by stir casting. The optimization
of process parameters was carried out using Response
Surface Methodology (RSM). The experimental value
of tensile strength was obtained using Universal Testing
Machine (UTM) and validated with the predicted
value. The predicted value obtained using RSM shows
good agreement with the experimental value [16]. An
experimental investigation has been carried out on
joining two dissimilar materials, i.e., AISI 304 and
AISI 1020, using Resistance Spot Welding (RSW). The
process parameters of RSW were varied to evaluate the
integrity of the weld joints. ANOVA and RSM models
were developed to predict welded joint tensile shear
strength/failure modes for various RSW process
parameters. They found that the weld current was the
most significant factor for tensile Shear Fracture Load
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(TSFL) and nugget diameter, followed by weld pressure
and time [17]. An attempt has been made to optimize
the stir casting process parameters to study the effects
of mechanical properties on prepared AlSiC composite
materials by stir casting. The prepared samples were
characterized based on the tensile strength and hardness.
A Grey Relational Analysis (GRA) and S/N ratios
predicted the most influencing process parameters for
obtained output. They found that the pouring temperature
significantly influences the prepared samples' mechanical
properties. SEM and EDX analyses were carried out to
confirm the reinforcement of SiC in the Al matrix for
the prepared composite material [18]. Aluminum Metal
Matrix Composite AMMC prepared through stir casting
with the matrix AA 6063 and reinforcements SiC and
B4C. The prepared hybrid sample was joined by Friction
Stir Welding (FSW). The process parameters of FSW
were optimized using the Genetic Algorithm technique
to achieve maximum tensile strength. They found that
the tensile strength of the weldment of composites
depends upon the FSW parameters, and each parameter
has its effect on the tensile strength [19]. An experimental
investigation has been carried out on Al7075/Al,05/
B,C hybrid composite to study the frictional and wear
characteristics. RSM based desirability approach has
been applied to optimize the responses viz., wear rate
and coefficient of friction. They found that the optimum
value as 0.950x107° and 0.30 wear rate coefficient of
friction respectively [20].

In the present study, an investigation on WEDM of
aluminium-based HMMC Al6010 (10% SiC and 15%
Al,O3) has been explored. Al6010 was chosen as the
matrix material for the hybrid metal matrix composite
in this study because it has a wide range of applications
in the construction, automotive, marine, and other
industries due to characteristics such as moderate
strength, low density, good fatigue performance, good
corrosion resistance, and toughness when compared to
other aluminium alloys. Using RSM a mathematical
model will be developed for predicting the response
characteristics, an attempt has been made to develop a
multi-response optimization algorithm which optimize
the multi objective characteristics viz., MRR and R,
respectively simultaneously. To analyse the effect of
process parameters on the responses ANOVA analysis

e

Fig. 1. (a) Prepared sample, (b) Zinc coated brass wire electrode.

is used in the present work.

Methodology

In the present work aluminum-based, HMMC Al6010
(10% SiC and 15% AlL,O;) as reinforcement particulate
is used for WEDM machining investigation. The
dimension of the workpiece is 70x70x20 mm as shown
in Fig. 1(a).

The input parameters of WEDM are chosen as gap
voltage (v), pulse-on time (7.,), pulse-off time (7,4),
peak current (/). The Wire- EDM machining process
uses engineering materials with a high melting point
and greater thermal conductivity as tool materials.
They have superior wear properties, conductivity, and
sparking characteristics. Copper with a 5% tellurium
addition improves machining characteristics. Material
removal rate, electrode material manufacturing cost,
and the properties of the work material to be machined,
are all factors that influence electrode material selection.
The tool was made of zinc-coated brass with a diameter
of 0.255 mm as shown in Fig. 1(b).

The stir-casting method was chosen because it is the
simplest and most cost-effective method of producing
particulate-reinforced materials. For the present invest-
igation, an Al6010 hybrid composite reinforced with
SiC & ALO; (10 wt. percent, and 15 wt. percent) specimen
was constructed. The procedure is as follows:

* The Al6010 alloy is molten in the furnace, and then
warmed reinforcing particles are added. After the
aluminium alloy has been completely melted and
degassed with nitrogen, a mechanically operated
stainless-steel stirrer coated with alumina is inserted
into the melt and stirred.

* Equal proportion of SiC & Al,O; (each 10 wt% and
15 wt%) as reinforcement materials is preheated in
the furnace and are introduced into the molten
metal for preparing the specimens.

» After all of the reinforcement components have
been added, the liquid composite is poured into a
steel mould that has been preheated to 250 °C to
prevent moisture absorption from the environment.
The liquid metal is let to cool in the air until it
solidifies.

* The Archimedes method was used to calculate the
density of specimens.

* This is one of the methods to prepare hybrid Al6010
composite with 10 wt.% and 15 wt.% SiC and
Al,Os.

Experimentation

The WEDM machine (ELEKTRA ELPULS 40A
DLX WEDM setup) has been utilized for the present
study. It consists of a main worktable, an auxiliary table,
and a wire driving mechanism as indicated in Fig. 2(a).
The process entails the use of DC servo motors to move
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Fig. 2. (2) Pictorial View of WEDM Machine Tool, (b) Experimental setup.

tables in Cartesian coordinates (X-Y). The experimental
setup for the present study is shown in Fig. 2(b).

The regression equation for both MRR and R, is
obtained for a different proportion of composite
Aluminum-based HMMC with SiC and ALO; (10%
SiC and 15 % Al,O;). The development of a predictive
model using RSM for the prediction of the responses
were carried out using statistical software Design
expert®13. The design of the Experiment is shown in
Table 1.

RSM is used to obtain second order model for both
the responses viz, MRR and R, The second-order
model allows high flexibility and making it a good
approximation to the response surface. The parameters
of a second-order model are simple to estimate. This
can be performed with the least squares method.
Second-order models have been shown to be effective
in solving real-world response surface problems.

Table 1. Design of experiment

SI V Ton Ty 1 MRR R,
No (Volty (us)  (us), (Amp) (mm*/min) (um)
1 50 112 50 220 14.072 1.734
2 30 112 55 220 12.404 1.813
3 50 118 55 180 11.636 1.764
4 30 115 45 180 18.018 1.808
5 40 115 50 200 13.597 1.784
6
7
8

50 118 45 200 15.234 1.680

40 118 45 180 17.356 1.641

40 115 50 200 13.597 1.784
9 30 118 50 220 16.083 1.654
10 30 118 45 200 17.657 1.632
11 30 112 55 180 9.913 1.950
12 50 112 55 200 8.633 1.732
13 40 118 55 220 12.721 1.738
14 40 115 45 220 18.159 1.674
15 40 112 45 200 15.957 1.725
16 50 115 45 180 15.760 1.703
17 30 118 55 180 13.813 1.880
18 40 112 50 180 12.241 1.779

Full Quadratic model equation of MRR

MRR = 455336+ 0.235869% V' +9.65892x T,
~4.71921xT,, +0.261721% ] ~0.00443944x V' xT,,
+0.00173594x V' x T, +0.000250729x ¥ x I
+0.031998686x T, T, —0.0106111xT, xI W)
+0.000481769% V x ' ~0.0379374% T xT,
+0.0040607x T, % T, +0.00245378 I x I

Full Quadratic model equation of R,

R, =—44.3405-0177319xV + 0.898677 = T
—0.095308x T, +0.007894= ] +0.001127 <V =T
=0.000391x¥ x T, +0.000214x V' x [+0.001502x T =T,

[

~0.000019xT, 7 +0.000269x ¥ x F-0.004450x T, =T,

14 i

~0.000510xT,,, xT,,, ~0.000039x I x ]
(i)

Result and Discussion

In this section, MRR and R, of cutting material are
investigated by using RSM. RSM model is used to
analyse machining parameters in the WEDM process.
The experimental data and mathematical data as shown
in Table 2.

Average variation percentage error in MRR = 0.052%
Average variation percentage error in R,= 0.115%
Model percentage accuracy in MRR = 99.94%
Model percentage accuracy in R,= 99.88%

The quadratic empirical equation is found to be
statistically important for both MRR and R,, according
to the fit summary generated from the analysis. ANOVA
result for MRR and R, from the quadratic model is
presented in Table 3.

For fitting MRR and R, in the model, backward
elimination is used to exclude non-significant terms. In
the present study o = 0.05 which is considered to be 95%
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Table 2. Experimental data

SI No V Ton Tos 1 M}RR Ra Predictgd  Predicted  Error % in  Error % in
(Volr) (us) (us (Amp) mm°/min (um) MRR mm?/min (um) MRR R,
1 50 112 50 220 14.072 1.734 14.090 1.736 0.128 0.115
2 30 112 55 220 12.404 1.813 12.419 1.816 0.121 0.165
3 50 118 55 180 11.636 1.764 11.642 1.765 0.052 0.057
4 30 115 45 180 18.018 1.808 18.023 1.810 0.028 0.110
5 40 115 50 200 13.597 1.784 13.603 1.786 0.044 0.112
6 50 118 45 200 15234 1.680 15.240 1.682 0.039 0.119
7 40 118 45 180 17.356 1.641 17.361 1.643 0.029 0.122
8 40 115 50 200 13.597 1.784 13.603 1.786 0.045 0.112
9 30 118 50 220 16.083 1.654 16.089 1.657 0.037 0.181
10 30 118 45 200 17.657 1.632 17.663 1.634 0.034 0.123
11 30 112 55 180 9.913 1.950 9.919 1.952 0.061 0.103
12 50 112 55 200 8.633 1.732 8.640 1.734 0.081 0.115
13 40 118 55 220 12.721 1.738 12.729 1.741 0.063 0.173
14 40 115 45 220 18.159 1.674 18.165 1.676 0.033 0.119
15 40 112 45 200 15.957 1.725 15.962 1.727 0.031 0.116
16 50 115 45 180 15.760 1.703 15.765 1.704 0.032 0.059
17 30 118 55 180 13.813 1.880 13.819 1.881 0.043 0.053
18 40 112 50 180 12.241 1.779 12.246 1.781 0.041 0.112

Table 3. ANOVA for material removal rate and surface roughness

Material
removal rate

Surface roughness

Source Sum of Mean square F-value P-value Sum of Mean square F-value P-value
squares squares
Model 128.29 9.16 3.98x108 <0.0001 0.1167 0.0083 1.32x107 <0.0001
A-T 8.53 8.53 3.71x10% <0.0001 0.0066 0.0066 1.04x107 <0.0001
B-Tin 492 492 2.14x10% <0.0001 0.0031 0.0031 4.9x10° <0.0001
C-Togr 64.26 64.26 2.79x10° <0.0001 0.0006 0.0006 9.07x10° <0.0001
D-1 4.09 4.09 1.78x108 <0.0001 0.0001 0.0001 1.13x10° <0.0001
AB 0.0932 0.0932 4.05%x10° <0.0001 0.0060 0.0060 9.53%10° <0.0001
AC 0.0543 0.0543 2.36x10° <0.0001 0.0027 0.0027 4.36x10° <0.0001
AD 0.0142 0.0142 6.17x10° <0.0001 0.0103 0.0103 1.64x107 <0.0001
BC 1.46 1.46 6.34x107 <0.0001 0.0032 0.0032 5.10x10° <0.0001
BD 3.10 3.10 1.34x108 <0.0001 0.0000 0.0000 15988.28 <0.0001
CD 2.2x1078 2.19x107 0.9561 0.4003 1.8x107° 1.8x107° 2.88 0.1880
A? 0.0065 0.0065 2.8x10° <0.0001 0.0020 0.0020 3.2x10° <0.0001
B2 0.3098 0.3098 1.3x107 <0.0001 0.0043 0.0043 6.7x10° <0.0001
C? 0.0255 0.0255 1.1x10° <0.0001 0.0004 0.0004 6.3x10° <0.0001
D? 2.89 2.89 1.2x108 <0.0001 0.0007 0.0007 1.1x10° <0.0001
Residual 6.8x107 2.2x107 1.8x107° 6.3x1071°
Lack of Fit  6.8x107® 3.4x107 1.8x107° 9.4x1071°
Pure Error 0.0000 0.0000 0.0000 0.0000
Cor Total 128.29 0.1167
Table 4. Fit Statistics of MRR and R,
Std. Dev. 0.0002 R? 1.00 Std. Dev. 0.00 R? 1.00
Mean 14.27 Adj. R? 1.00 Mean 1.75 Adj. R? 1.00
CV. % 0.0011 Pred. R? 1.00 CV.% 0.0014 Pred. R? 1.00
Adeq. Precision 68821.6 Adeq. Precision 13908.11

accuracy. It is found in Table 4 that the F value of the
model is 3.98x10® and the related p-value is <0.0001,
resulting in a significant model for MRR and F value of
the model is 1.32x10” and the related p-value is < 0.0001,

resulting in a significant model for R,.

Table 4 shows that R? is the Model's coefficient of
correlation, which is 1.000 and it means that the model
can account for 100% of the variation. The corrected
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R? is 1.000, which matches the predicted R* logically.
The signal-to-noise ratio is used to compare significant
and non-significant components. A ratio of larger than
4 is optimal, according to software results. In this case,
appropriate precision for MRR is 68821.65, while
adequate precision for R, is 13908.12. As a result, the
signal-to-noise ratio is important. The empirical relationship
in terms of actual factors is obtained as given in equations
(i and ii).

Fig. 3(a) and 3(b) depicts the interaction effect of
pulse on-time, pulse off time and servo voltage on
MRR. 1t is found that increasing the pulse rate over
time improves the MRR. The higher the pulse on time,

Mukesh Kumar, S.K. Tamang, Dipika Devi, M. Dabi, K. K. Prasad and R. Thirumalai

the greater the discharge energy and spark intensity,
resulting in more material removal is observed. More
sparking time results in a larger MRR. With an incorrect
combination of pulse on time, pulse off time, voltage,
and servo feed settings at a greater value of the gap, the
state may become unstable. Reduced peak current value
aids in the conversion of an unstable discharge condition
to a stable one. MRR in aluminum-based HMMC Al6010
(10% SiC and 15% Al,Os) alloy milling with WEDM
(wire electrical discharge machining). The rise in MRR
is related to an increase in pulse on time, whereas the
drop is due to an increase in servo voltage due to the
previously mentioned reason. The decrease in MRR

Muterial removal rate

17 118

115 116

114 ““.‘gﬁig
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113

30 112
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Fig. 3. (a) MRR vs. V and T,,,, (b) MRR vs. V'and T,

Material removal rate
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Mauterial removal rate

Material removal rate
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Fig. 4. (a) MRR vs. V'and I, (b) MRR vs. T,,, and T,
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caused by increased pulse off time and servo voltage is
due to the aforementioned reasons.

Fig. 4(a) depicts the interaction effect of peak current
and servo voltage on MRR. The causes for the rise in
MRR owing to an increase in peak current and the
decrease in MRR due to an increase in servo voltage.
Fig. 4(b) depicts the interaction effect of pulse off time
and pulse on time on MRR. The rise in MRR is related
to an increase in pulse on time, whereas the drop is due
to an increase in pulse off time due to the previously
mentioned reason.

Fig. 5(a) and 5(b) depicts the interaction effect of
pulse on-time, pulse off time and peak current on MRR.

The explanation for the rise in MRR due to an increase
in pulse on time and an increase in peak current is the
same as previously stated. The rise in MRR is related to
an increase in peak current, whereas the decrease in
MRR is due to an increase in pulse off time, as previously
stated.

Fig. 6(a) and 6(b) depicts the interaction effect of
pulse on-time and pulse off-time with servo voltage on
R,. Surface roughness increases with increase in pulse
on time and decreases with increase in servo voltage.
Because a high value of T, creates a longer duration of
spark, which leads to increased discharge energy that
penetrates deep inside the material, an increase in R, is

Material removal rate

(a)

Surface roughness

Surface roughness

Fig. 6. (a) R, vs. Vand T, (b) R, vs. Vand T,
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caused and resulting in large craters. Large craters are a
sure sign of roughness on the surface. The decrease in
R, caused by an increase in pulse off time occurs
because a larger value of pulse off time widens the gap
between two consecutive sparks, resulting in lower
discharge energy impingement and the removal of fine
particles from the workpiece surface, resulting in shallow
craters as a result, surface roughness is reduced.

Fig. 7(a) depicts the interaction effect of peak current
and voltage on R,. It is observed that the increase in
servo voltage will decrease R,. Fig. 7(b) depicts the
interaction effect of pulse off time and pulse on time is
seen that decrease in R, is due to increase in pulse on
time. Fig. 8(a) and 8(b) depicts the interaction effect of
pulse on-time, pulse off time and peak current on R,.
The increase in pulse on time and peak current will
increase the R, and increase in pulse off time will

decrease surface roughness.
Multi-objective Optimization of R, and MRR

In the method, the objective of the optimization is to
find the best settings that minimize/maximize the
particular response. Desirability value (D) ranges from
0 to 1 and its value increases as the “desirability” of the
corresponding response is optimized.

Fig. 9 shows the optimized values of the machining
parameters for achieving minimum R, and MRR in
aluminium-based HMMC Al6010 (10% SiC and 15%
Al,O3) Zinc coated brass wire electrode tool. The
coded values for the optimal solution are found as (V]
T,n Toy I): (33.32 volts, 117.44 ps, 45.04 ps, 219.70
amps). The minimum R, obtained is 1.58 um and the
experimental minimum is 1.63 pum. The value of

1.7

—
L=

Surface roughness

50

Surface roughness

(a)

Fig. 7. (a) R, vs. Vand I, (b) R, vs. T,,and T

Surface roughness
"

Surface roughness

(a)

Fig. 8. (a) R, vs. T, and I, (b) R, vs. T,pand 1.
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Fig. 9. Optimum result for R, and MRR.
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Fig. 10. Desirability graph for obtaining maximum MRR and minimum R,.

composite desirability (D) obtained is 1. The optimize
result obtained for MRR corresponding with optimal
process parameters viz.,, 33.32 volts, 117.44 ps, 45.04
ps, 219.70 amp. respectively. The predicted MRR is
18.32 mm*/min and the experimental maximum is
18.20 mm*/min which show the effective and accuracy
of the developed model. Fig. 10 shows the desirability
plot for optimizing both the responses simultaneously
which also gives the optimal solution.

Conclusions

In this work, an experimental investigation on
machining of Al6010/SiC/Al,O; Hybrid metal matrix
composite (HMMC) with Wire-cut electric discharge
machining (WEDM) process has been performed. The
experimental design used in this work is Design Expert
13 software. four input parameters used for experiment-
ation namely are voltage, pulse on time, pulse off time,
peak current, and composite type (Ct). Four parameters
have three levels, and one parameter has one level (Ct).
The one composition of HMMC i.e. Al/10% SiC/15%
Al,O5 are also taken as input parameters. MRR and R,

are considered as the process responses. Modelling of
process parameters was done using Response Surface
Modelling approach (Central Composite) with the help
of Design expert 13 statistical software and linear with
interaction model was considered. The R? value of the
developed mathematical model for R, and MRR are
99.88% and 99.94% respectively. This confirms the
effectiveness of the model. Prediction of process
responses based on the RSM model was done and when
compared with the experimental result an average
percentage error of 0.115% and 0.052% was obtained
for R, and MRR, respectively. A maximum error of
0.181% and 0.128% was obtained for R, and MRR
respectively. The optimal combination obtained from
multi-objective optimization for minimizing R, and
maximizing MRR using Desirability analysis was: V' =
33.32 volt, T,,,= 117.45 ps, T,y = 45.042 ps, I = 219.70
Amps, R, = 1.581 um, and MRR = 18.32 mm*/min. This
result was validated using the multi regression RSM
equations and the Error (%) for R, and MRR are found
to be 2.1% and 0.95% respectively. It was found that
desirability analysis gives a better result giving a
minimum R, value of 1.581 um and a maximum MRR
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of 18.32 mm*/min respectively.

Future scope:

The following can be taken as the future scopes of

this investigation:

(i) Other process parameters, viz., wire feed, wire
tension, wire material, dielectric fluid can be
considered as input parameters and their effect
may also be explored by using soft computing
techniques.

(i) For solving multi optimization problem an intel-
ligence algorithm can be develop using machine
learning techniques.
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