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Abstract: In this work, wire electrical discharge machining (WEDM) of aluminum (LM25) reinforced
with fly ash and boron carbide (B4C) hybrid composites was performed to investigate the influence
of reinforcement wt% and machining parameters on the performance characteristics. The hybrid
composite specimens were fabricated through the stir casting process by varying the wt% of reinforce-
ments from 3 to 9. In the machinability studies, the WEDM process control parameters such as gap
voltage, pulse-on time, pulse-off time, and wire feed were varied to analyze their effects on machining
performance including volume removal rate and surface roughness. The WEDM experiments were
planned and conducted through the L27 orthogonal array approach of the Taguchi methodology,
and the corresponding volume removal rate and surface roughness were measured. In addition, the
multi-parametric ANOVA was performed to examine the statistical significance of the process control
parameters on the volume removal rate and surface roughness. Furthermore, the spatial distribution
of the parameter values for both the responses were statistically analyzed to confirm the selection of
the range of the process control parameters. Finally, the quadratic multiple linear regression models
(MLRMs) were formulated based on the correlation between the process control parameters and
output responses. The Grass–Hooper Optimization (GHO) algorithm was proposed in this work
to identify the optimal process control parameters through the MLRMs, in light of simultaneously
maximizing the volume removal rate and minimizing the surface roughness. The effectiveness of
the proposed GHO algorithm was tested against the results of the particle swarm optimization and
moth-flame optimization algorithms. From the results, it was identified that the GHO algorithm
outperformed the others in terms of maximizing volume removal rate and minimizing the surface
roughness values. Furthermore, the confirmation experiment was also carried out to validate the
optimal combination of process control parameters obtained through the GHO algorithm.

Keywords: hybrid composites; wire electrical discharge machining (WEDM); volume removal rate;
surface roughness; Grass–Hooper optimization algorithm
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1. Introduction

In general, metal matrix composite (MMC) materials are fabricated by mixing two or
more micro-level constituents that are not soluble and varying in material composition.
The hard phase of these materials may embed in a soft phase or vice versa during the
fabrication of composites. Usually, the strength and modulus of the composite materials are
based on the bonding of the matrix (soft phase) and reinforcement (hard phase) materials.
Particularly in structural applications, lighter metallic materials like aluminum, nickel,
magnesium, titanium, etc. are being used as a matrix material, and these materials are
giving support to the reinforcement materials. In addition to the structural properties, the
specific mechanical, thermal, and physical properties of metal matrix composite materials
mainly depend on the category of reinforcement materials. The MMCs consist of a metallic
matrix material such as aluminum, copper, ferrous, magnesium, etc., with an evenly
dispersed ceramic reinforcement in the form of carbides, nitrides, andoxides, or metallic
phase materials like lead, molybdenum, tungsten, etc.

The preferable base metal for the preparation of MMCs was aluminum and its al-
loys [1]. Applications like the fabrication of different components of aerospace vehicles,
automobiles, etc. have been carried out using aluminum-based MMCs [2]. More research
works have been carried out in recent years on the mechanical characterization of MMCs
prepared via ceramic particles reinforcement with aluminum and its alloys. Ceramic par-
ticles such as silicon carbide and alumina were utilized as a reinforcement material in
most of the studies. However, studies related to B4C reinforced composites are seldom
found. Since the properties like stiffness and hardness of B4C are excellent, along with the
minor variation in density between B4C and aluminum/Al-based alloys, it makes B4C
an unavoidable reinforcement material [3]. Fly ash is another option as reinforcement to
fabricate aluminum alloy based MMCs since it has good wear resistance. Furthermore,
the excellent damping capacity, low density, better abrasive resistance, and low cost [4]
were the desirable properties to opt fly ash as a reinforcement. In addition, the availability
of fly ash is huge, since it is the by-product while burning coal in thermal power plants.
Therefore, the MMCs with the combination of fly ash and Al-based alloys are used to
fabricate the automobile body and engine components.

The manufacturing industries have practiced several fabrication methodologies such
as squeeze casting, stir casting, powder metallurgy and spray deposition, etc. [5]. There-
fore, selecting the appropriate manufacturing process concerning the requirement will be
helpful to fabricate MMCs effectively and economically. Among the several manufactur-
ing technologies, stir casting is one of the well-established processes for the fabrication
of MMCs due to their operational flexibility and cost-effectiveness. Furthermore, the
high-volume production of MMCs is possible through lower particle volume of reinforce-
ments [6]. On the other hand, the traditional machining methods are not good enough to
machine the MMCs due to the extreme abrasive characteristics of the reinforced materi-
als [7–10]. Hence, in this circumstance, alternative methods like non-traditional machining
processes, namely abrasive water jet machining (AWM), electrical discharge machining
(EDM), wire electrical discharge machining (WEDM), laser beam machining (LBM), etc.,
can be used [11]. However, LBM and AWM were not advisable due to high process cost
and poor quality [12]. Furthermore, compared with EDM, WEDM outperformed while
machining complex shapes on MMCs with relatively less cost [13]. In WEDM, the surface
layer of the workpiece material is eradicated using a sequence of sparks produced between
the workpiece and electrode. The workpiece and electrode are kept separately and are
entirely immersed in dielectric liquid [14]. While machining through WEDM, electrical
conductivity is the primary factor for machining materials [15–18].

For improved machining performance, it is necessary to select the optimal values for
various process parameters of EDM. Researchers have successfully implemented several
mathematical approaches such as grey relational analysis, Pareto optimality, desirability
function, simulated annealing, etc., [19] for selecting the optimal parameters. The stir
casting method was used to fabricate the aluminum (LM25)/fly ash/B4C hybrid composites
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in this work. Three different specimens were prepared by varying weight percentages
of the compositions of hybrid composites. The WEDM method was used to test the
machinability of the prepared specimens. The machining processes were executed based
on the model by the design of experiments. However, the optimal input process parameters
to simultaneously minimize the SR and maximize the VRR were identified using the Grass–
Hooper optimization (GHO) algorithm, particle swarm optimization algorithm (PSO), and
moth-flame optimization (MFO) algorithms. The details about the experimental work and
further analysis are presented in the next section.

2. Materials and Methods

The LM25 alloy is an aluminum casting alloy with good mechanical properties in
fulfilling the requirement of cast products. LM25 alloys exhibit an enhanced mechanical
strength along with improved wear and corrosive resistance. However, a moderately
high rate of tool wear is expected while machining this alloy using conventional methods
because of the silicon. Making cylinder blocks and heads and other castings of the engine
and body are the vital applications of the LM25 alloy. In this present investigation, the
LM25 alloy was considered as the matrix material to prepare the hybrid composites and its
chemical composition is presented in Table 1.

Table 1. Chemical composition of LM25 alloy.

Contents Si Fe Mg Mn Ti Cu Ni Zn Pb Al

Composition in (%) 7.5 0.5 0.6 0.3 0.2 0.1 0.1 0.1 0.1 Balance

This section may be divided into subheadings. However, it should provide a concise
and precise description of the experimental results, their interpretation, and the experimen-
tal conclusions that can be drawn.

In order to reduce the density of aluminum present in hybrid composites, fly ash is to
be added in the form of a precipitate to enhance the mechanical properties of composite
specimens and minimize the material cost. The aluminum and fly ash combinations were
used to fabricate complex shapes like engine manifolds, covers, and brake drums. The
chemical composition of fly ash is listed in Table 2.

Table 2. Chemical composition of fly ash.

Contents Oxides Si Al Fe Ti K Ca Loss in Ignition

Composition in (%) 38.88 26.43 16.73 3.8 1.4 0.99 0.5 Balance

B4C is one of the hardest materials after diamond and cubic boron nitride due to the
presence of boron material (maximum wt% is 79). Low density, good chemical resistance,
difficulty to sinter, and good nuclear properties are vital properties of B4C. B4C powder
is being used as an abrasive material in lapping and polishing applications. As a loose
abrasive, it is also used in water jet cutting. Furthermore, the dressing of diamond tools is
also carried out using B4C abrasive particles. In this work, aluminum alloy (LM25) was
used as a matrix material and fly ash and B4C were used as reinforcement materials for
making hybrid composites. The fabrication setup and procedure are briefed in this section.

2.1. Fabrication of Al (LM25)/Fly Ash/B4C Hybrid Composites

Al (LM25)/fly ash/B4C hybrid composites were prepared using the stir casting
method. Stir casting is one of the economical methods in which reinforcing phases are
introduced by mechanical stirring into the molten metal of the LM25 alloy. A crucible
furnace was used to melt the Al (LM25) ingots. The ingots were heated to the desired
temperature of 700 ◦C. The graphite crucible was covered with flux to prevent oxidation of
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the molten metal. The small quantity of magnesium available in molten metal was used to
improve the wettability of aluminum alloys and reinforcements.

After the melting of ingots, the preheated (around 250 ◦C) fly ash particles and B4C of
size 20 microns were added to the molten metal. In order to ensure the uniform distribution
of particles, the mechanical stirrer (Hanuman Power Transmission Eqpt. P. Ltd , Chennai,
India) was used for continuous mixing by rotating it with the speed of 350 r.p.m for about
10 min. Finally, the composite metal was transferred into a cast-iron mold to obtain a
cuboid shape specimen of size 100 mm × 100 mm × 10 mm. As a result, the hybrid
composites were prepared for different weight compositions, as given in Table 3. Figure 1
shows the (a) stir casting process setup and (b) the flow chart of the Al-LM25/fly ash/B4C
hybrid composites.

Table 3. Weight compositions of hybrid composites.

Weight Percentage of Reinforcements Composition

3% LM25 alloy + 1.5% Fly ash + 1.5% B4C
6% LM25 alloy + 3% Fly ash + 3% B4C
9% LM25 alloy + 4.5% Fly ash + 4.5% B4C
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Figure 1. (a) Stir casting process setup. (b) Flow chart of Al-LM25/fly ash/B4C hybrid composites.

2.2. Machining of Hybrid Composites Using WEDM

The machining of fabricated hybrid composites was carried out on a WEDM machine
(ECOCUT CNC Machine, Bengaluru, India), as shown in Figure 2. The specifications of the
WEDM machine tool parameters are given in Table 4.

Table 4. Specification of WEDM machine tool parameters.

Machine Tool Parameters Specification

Cutting tool Brass wire (Diameter 250 Microns)
Workpiece size 100 mm × 100 mm × 10 mm

Max. workpiece weight 200 kg (workpiece height 150 mm)
Dielectric fluid Deionized water

Conductivity of dielectric 15–20 mho
Number of axes controlled 5 Axis AC Servo Motor

Wire feed Servo feed
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The ranges of the machining process control parameters were decided by conducting
screening experiments. Three levels of individual parameters within its range were selected
and are tabulated in Table 5.

Table 5. Levels of the machining process control parameters.

Parameter Symbol Unit
Levels

1 2 3

Gap voltage (GV) A Volts 30 50 70
Pulse-on time (TN) B Micro seconds 2 6 10
Pulse-off time (TF) C Micro seconds 2 6 10

Wire feed (WF) D m/min 4 6 8
Percentage of reinforcement (PR) E % 3 6 9

2.3. Measurement and Calculation of Output Responses

The selected process control factors were varied based on three levels, and machining
experiments were carried out using the WEDM process. Each parameter had an impact on
output responses such as VRR and SR. The output responses VRR and SR were measured as
per the following procedure. The calculation of the VRR value is expressed in Equation (1).

VRR = CS × W × T (1)

where CS is the cutting speed in mm/min; W is the width of the cut in mm; and T is the
thickness of the workpiece in mm

SR is the irregularity in the machined surface. The average value of the heights of all
peaks and valleys on the machined surface was measured as SR. This was measured using
the Mitutoyo Surface Roughness Tester (Chennai, India). The experimental design for
conducting the machinability study as per the L27 orthogonal array, corresponding output
responses, namely VRR (in mm3/min) and SR (in microns), are briefed in the next section.

3. Experimental Observations and Analysis

The different combinations of process control parameters as per the L27 orthogonal
array were set on WEDM to conduct the machining experiments on the fabricated speci-
mens of Al (LM25)/fly ash/B4C hybrid composites. Furthermore, VRR and SR values were
recorded as per the procedure explained in Section 2.3. The experimental observations and
output responses are presented in Table 6.
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Table 6. Experimental observation and evaluated results.

Exp. No.
V TN TF WF PR

SR VRR
A B C D E

1 30 2 2 4 3 3.9422 27.812
2 30 2 6 6 6 4.4423 21.099
3 30 2 10 8 9 4.0059 18.860
4 30 6 2 6 9 3.6863 35.556
5 30 6 6 8 3 3.4239 29.230
6 30 6 10 4 6 3.2950 24.249
7 30 10 2 8 6 3.4722 38.400
8 30 10 6 4 9 3.2518 32.960
9 30 10 10 6 3 3.5210 28.370

10 50 2 2 4 3 4.2472 21.712
11 50 2 6 6 6 4.7826 16.388
12 50 2 10 8 9 4.4781 15.075
13 50 6 2 6 9 4.8644 27.211
14 50 6 6 8 3 3.9459 22.196
15 50 6 10 4 6 3.9965 18.443
16 50 10 2 8 6 4.8497 30.236
17 50 10 6 4 9 4.1811 24.615
18 50 10 10 6 3 3.4539 23.274
19 70 2 2 4 3 4.3104 12.942
20 70 2 6 6 6 4.1547 10.235
21 70 2 10 8 9 4.4036 09.553
22 70 6 2 6 9 4.8786 17.305
23 70 6 6 8 3 3.4595 13.551
24 70 6 10 4 6 3.7516 11.914
25 70 10 2 8 6 4.6963 18.743
26 70 10 6 4 9 3.7186 15.419
27 70 10 10 6 3 3.9576 13.635

The analysis of variance (ANOVA) was carried out using Minitab software (Minitab
v18, Chennai, India) for the SR and VRR values, and the details are given in Tables 7 and
8, respectively. The ANOVA analyses infer that the P-value of linear, square, and 2-way
interaction models was less than 0.05 for SR and VRR. Hence, all the input parameters
considered in this work were statistically significant.

Table 7. ANOVA for SR.

Source DF Adj SS Adj MS F-Value p-Value

Model 11 5.74041 0.52186 7.23 0.000
Linear 5 3.67652 0.73530 10.18 0.000

GV 1 1.02259 1.02259 14.16 0.002
TN 1 0.74615 0.74615 10.33 0.006
TF 1 0.02062 0.02062 0.29 0.601
WF 1 0.23136 0.23136 3.20 0.094
PR 1 0.88973 0.88973 12.32 0.003

Square 3 1.46905 0.48968 6.78 0.004
GV × GV 1 0.96729 0.96729 13.40 0.002
TN × TN 1 0.19751 0.19751 2.74 0.119
WF × WF 1 0.30425 0.30425 4.21 0.058

2-Way Interaction 3 0.77329 0.25776 3.57 0.040
GV × TN 1 0.22666 0.22666 3.14 0.097
GV × TF 1 0.18593 0.18593 2.58 0.129
TN × WF 1 0.36071 0.36071 5.00 0.041

Error 15 1.08302 0.07220 - -
Total 26 6.82343 - - -
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Table 8. ANOVA for VRR.

Source DF Adj SS Adj MS F-Value p-Value

Model 10 1583.99 158.399 195.35 0.000
Linear 5 1431.33 286.265 353.05 0.000

GV 1 986.26 986.257 1216.34 0.000
TN 1 287.81 287.808 354.95 0.000
TF 1 81.40 81.401 100.39 0.000
WF 1 1.85 1.855 2.29 0.150
PR 1 2.16 2.157 2.66 0.122

Square 2 13.71 6.855 8.45 0.003
GV × GV 1 6.32 6.315 7.79 0.013
TN × TN 1 7.39 7.394 9.12 0.008

2-Way Interaction 3 47.54 15.846 19.54 0.000
GV × TN 1 23.78 23.778 29.33 0.000
GV × TF 1 22.42 22.416 27.65 0.000
TN × WF 1 1.34 1.343 1.66 0.216

Error 16 12.97 0.811 - -
Total 26 1596.96 - - -

The influences of input parameters on SR and VRR were thoroughly analyzed using
the Pareto charts given in Figure 3a,b, respectively. Figure 3a infers that the input parame-
ters, namely GV, TN, and PR, were the most influencing parameters while deciding the SR
value. Similarly, GV, TN, and TF were the most influential factors while deciding the VRR
value. Furthermore, the spatial distribution of the parameter values for both the responses
are given in Figure 3c–f. From these figures, it can be concluded that the range of the input
parameters was appropriately selected to minimize the SR and maximize the VRR values.

Furthermore, the quadratic type multiple linear regression models (MLRMs) for SR
and VRR were formulated based on the correlation between the WEDM process parameters
and the output response characteristics using Minitab™ software. The MLRM for both SR
and VRR are given in Equations (2) and (3). Based on the above-said statistical analyses,
the significant parameters and their interactions were alone considered in the formulation
of MLRM for SR and VRR. Figure 4 indicates the curve fitting of experimental values of SR
and VRR against the calculated values.

SR = 0.57 + 0.1113GV − 0.533TN + 0.472WF + 0.1172PR − 0.001004GV2

+0.01134TN2 − 0.0563WF2 + 0.001718(GV × TN)
−0.001556(GV × TF) + 0.0433(TN × WF)

(2)

VRR = 32.31 − 0.1106GV + 2.21TN − 1.695TF − 0.341WF + 0.182PR
−0.002565GV2 − 0.0694TN2 − 0.0176(GV × TN)
+0.01708(GV × TF) + 0.0836(TN × WF)

(3)
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4. Algorithmic Approach

In this work, the optimal input process parameters to simultaneously minimize the
SR and maximize the VRR were identified using the Grass-Hooper optimization (GHO)
algorithm. Because of the following characteristics of the GHO algorithm, as stated by
Mirjalili et al. (2018) [20] and Saremi et al. (2017) [21], it was selected in this work.
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(a) Grasshoppers can effectively identify the assured areas of the available search space.
(b) The global search by the grasshoppers is carried out by the large-scale and unexpected

changes in the preliminary steps of optimization.
(c) The exploitation of search space is permitted due to the local movement of grasshop-

pers in the final steps of optimization.
(d) The gradual balance of exploration and exploitation is used to find the precise ap-

proximation of the global optimum.
(e) The improvement of the average fitness of grasshoppers is used to enhance the initial

random population.
(f) The approximation of the global optimum is very accurate relative to the number

of iterations.

Furthermore, the effectiveness of the GHO algorithm in this work was compared
with the particle swarm optimization (PSO) [22] and moth-flame optimization (MFO) [23]
algorithms. The pseudo-code for all the algorithms are given in Figure 5. In addition, the
parameters and their values used in the above-said algorithms are detailed in Table 9.
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Table 9. Parameters and its values used in GHO, PSO, and MFO algorithms.

GHO Algorithm PSO Algorithm MFO Algorithm

Parameter Value Parameter Value Parameter Value

Intensity of attraction (f ) 0.5 Learning factors
(C1 & C2) 2 & 2 Position of moth close

to the flame (t) −1 to −2

Attractive length scale (l) 1.5 Inertia weight (ω) 0.6 Update mechanism Logarithmic spiral
No. of Grasshopper (N) 30 Particle size (N) 30 No. of moths (N) 30
Maximum & minimum

decreasing coefficient (cmin) 1.0 & 0.00001

No. of iterations (nitr) 100 No. of iterations (nitr) 100 No. of iterations (nitr) 100

The optimal process control parameters were identified using the above-said algo-
rithms, and the corresponding responses are presented in Table 10. The results show
that the GHO and PSO algorithms yielded the same and better results when compared
with the MFO algorithm. Furthermore, the performance comparison of algorithms was
carried out using the two metrics like spacing (SP) and inverted generational distance
(IGD), as discussed by Khalilpourazari et al. (2020) [24]. Finally, the statistical performance
of algorithms as per the metrics are given in Table 11.

Table 10. Optimized parameters and its responses.

Algorithm GV TN TF WF PR SR VRR

GHO 29.89 9.7900 1.97 3.98 3.03 36.6650 2.4356
PSO 30.40 9.8500 2.08 4.07 2.96 36.3990 2.4971
MFO 31.04 9.9171 1.86 3.82 3.25 36.3686 2.4484

Table 11. Statistical performance of algorithms.

Statistics
GHO PSO MFO

IGD SP IGD SP IGD SP

Min 0.1609 3.0701 0.1164 2.4904 0.1129 2.6311
Max 0.2530 3.5689 0.3475 4.8051 0.2715 3.8328

Mean 0.1932 3.2897 0.1999 3.4751 0.2008 3.4047
Median 0.1896 3.2943 0.1859 3.3203 0.1922 3.4725

Standard
Deviation 0.0230 0.1293 0.0546 0.6476 0.0437 0.2945

From Table 10, it can be seen that the mean and standard deviation for both the metrics
were the minimum in GHO compared with the other two algorithms. In addition to that,
the Pareto front diagram for SR vs. VRR, as given in Figure 6, showed a better performance
of the GHO algorithm compared with the others. Furthermore, the convergence plots for
SR and VRR in Figure 7 showed the effectiveness of GHO. Hence, it is concluded that GHO
outperformed the PSO and MFO.

The confirmation experiment was carried out based on the optimum process control
parameters obtained from the GHO algorithm. The results of the confirmation experiment
are presented in Table 12. The percentage of the deviation of results of the confirmation
experiment with the results of the GHO algorithm is also given in Table 12.
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Table 12. Results of the confirmation experiments.

Parameter VRR (mm3/min) SR (microns)

Level Value GHO
Algorithm

Experimental
Value

% of
Deviation

GHO
Algorithm

Experimental
Value

% of
Deviation

GV 29.89

36.6650 35.873 2.4356 2.4748
TN 9.79
TF 1.97 2.16 −1.61
WF 3.98
PR 3.03

4.1. Influence of WEDM Parameters on VRR

The volume of material removal significantly influences the processing cost and rate
of production during machining processes. Therefore, industries are always looking for
an improved VRR to meet the demands and minimize the production cost. The statistical
analysis perceives that the considered process parameters significantly influence the VRR
of processed nanocomposites. Therefore, it is substantial to investigate the interaction
effects of these parameters to understand the mechanism of VRR during WEDM. The
consequences of the WEDM process parameters and wt% of B4C reinforcement on the VRR
is represented in response surface plots (Figure 8a–c).
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The impact of GV and TN on the VRR is represented as a response surface plot
(Figure 8a). As can be seen from the plot, the VRR slightly decreased with an increase
in GV, whereas the increase in TN augmented the VRR value. As the TN increased, the
spark generated at the electrode was augmented, which caused a higher melting rate and
vaporization in the cut surface region. Hence, the VRR increases with an increase in TN [25].
Moreover, an improved VRR value of 36.3 mm3/min was observed with a combination of
lower GV (30 V) and higher TN (10 µs). Figure 8b indicates the combined impact of TN and
TF on the VRR of the cut specimen. The response surface plot indicates that the increase
in TN augments the VRR value, decreasing with an increase in TF. As the TN increased, a
dominant influence on input electrical energy transferred over the cut surface increased,
resulting in an increased VRR.

Figure 8c depicts the effect of WF and wt% of reinforcement on VRR. As can be seen
from this plot, the VRR increased with an increase in wt% of B4C reinforcement from 3 to 9
wt%, whereas it decreased slightly with an increase in WF. Thus, an improved VRR was
observed at a combination of 4 m/min WF and 9% PR. In general, ceramic reinforcements
will reduce the electrical conductivity of composite materials. Hence, the higher WF and
applied voltage were required to increase the material removal from the substrate, which
was observed from the response surface graphs. Hence, an improved VRR can be obtained
at higher WF to the variation in wt% of hard reinforcement particles [26].

4.2. Influence of WEDM Parameters on Surface Roughness

Surface roughness is one of the prominent quality characteristics of any machined end-
use parts. Therefore, the surface quality of WEDM processed functional components was
assessed by evaluating the roughness of the cut surface. From the statistical investigations,
the process parameters selected for the experimental studies had a substantial influence on
surface roughness characteristics. The consequences of the WEDM process parameters and
wt% of B4C reinforcement on the SR is represented in the response surface plots (Figure 9).
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The combined influence of TF and the GV on SR is shown in Figure 9a. As can be
seen from the response surface plot, the SR increased considerably with an increase in
GV, whereas an increase in TF slightly improved the SR. This could be attributed to the
formation of small creators on the cut surfaces during higher GV values, thereby increasing
the surface quality with an increase in applied gap voltage [27]. Moreover, during the
higher TF, the material removal will not have occurred, but the flushing and ridding of
the plasma channel will be improved. Therefore, the cooling of the machined area will be
increased during higher TF. Therefore, the surface quality is increasing [28]. An improved
surface finish was observed at 30 V GV and 2 µs TF. Figure 9b shows the combined effects
of applied GV and TN on the SR of the machined surface. It was perceived that the SR
linearly increased with an increase in GV, whereas the increase in TN from 2 µs to 10 µs
considerably decreased the SR. This is because the increase in TN provides sufficient time
for the electrode to discharge its electric energy to the substrate surface to remove the melt
and vaporized materials. Hence, the SR decreased [28]. Hence, it is necessary to maintain
lower GV and higher TF to improve the surface quality during the WEDM process.

The interaction influence of WF and the applied GV on SR is described in response
surface Figure 9c. The plot indicated that the SR is drastically increasing with an increase
in GV, whereas a slight decrease in SR was found with an increase in WF from 4 m/min
to 8 m/min. As the WF increases, the hard reinforcement particles from the composite
materials will be finely machined and ejected from the machined surface, hence the surface
quality is improved. It was observed from the surface plot that a combination of higher
WF and lower GV would improve the surface quality. The effect of wt% of hard B4C
reinforcement and the GV on the SR is shown in Figure 9d. The surface plot indicates that
the SR significantly increased with an increase in GV and the wt% of reinforcement. As
the PR will increase from 3% to 9%, the presence of hard phase ceramic particles in the
composite material will also increase. Hence, the SR is perceptibly increasing with a higher
PR value [29].

4.3. Microstructure Analysis of Machined Surface

In the WEDM process, the substrate material is eroded by the occurrence of discrete
sparks produced between the electrode and the substrate separated by a dielectric fluid
medium. The inherent characteristics of the WEDM process such as high gap voltage and
variation in pulse timings, leads to surface cracks and deep craters in the machined surface,
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especially for superalloys and composites [30–32]. The surface morphology analysis of the
WEDM processed hybrid composite under various machining conditions are presented in
Figure 10.
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wt% of B4C reinforcement.

Figure 10a shows the SEM image of the machined surface, a machining condition of
higher gap voltage (70 V) and a higher reinforcement percentage (9 wt%) in the composite
specimen. Augmented micro-cracks, reinforcement debris and craters were found in the
machined kerf surface. This could be attributed due to the presence of hard reinforcement
particles. The hard phases of reinforcements will restrict the removal of material from the
substrate even at a higher gap voltage, leading to variation in contraction stresses during
machining. Therefore, it resulted in decreased material removal and irregular kerf surfaces.

Figure 10b exhibits the SEM image of machined surface at processing conditions of
30 V gap voltage and 10 ms pulse on time with 6 wt% reinforcement. The micrograph
signifies an improved machining surface with minimized surface cracks and craters. How-
ever, small pits and the reinforcement matrix phases can be observed in the machined
composites, which could be attributed due to the different melting temperature of the
composite mixtures.

The SEM surface of the machined composites at an optimal processing condition
obtained through the proposed GHO is shown in Figure 10c. A smooth machined surface
with the negligible quantum of the recast white layer, reinforcement pull-out, and surface
micro-cracks were found in the micrograph. From these SEM results, it can be inferred that
the WEDM of metal matrix composites required significant attention with an appropriate
selection of process parameters concerning the wt% of reinforcements.
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5. Conclusions

The machinability study on fabricated Al (LM25)/fly ash/B4C hybrid composites was
successfully carried out for various process control parameters as per the L27 orthogonal
array. The experimental results were recorded and statistically analyzed using ANOVA.
The quadratic MLRM equations for VRR and SR were developed using Minitab software
to establish the relation with process control parameters. The optimum combination of
process control parameters was predicted to maximize VRR and minimize SR values
simultaneously using the GHO algorithm. The effectiveness of the proposed GHO was
tested with the results of the PSO and MFO algorithms. Furthermore, a confirmation
experiment based on optimum process control parameters was carried out to verify the
deviation of VRR and SR values. The following vital remarks were drawn from this work:

1. From the ANOVA results, the GV, TN, and PR were the most significant parameters
in deciding the SR value. The GV, TN, and TF were the most significant parameters in
deciding the VRR value.

2. The presence of hard reinforcement particles in composites restricts the effective
volume removal during machining and condenses the surface quality even at higher
cutting speed and pulse-on time. Therefore, the selection of an appropriate wt% of
reinforcement is necessary for improved machining performances.

3. SEM micrographs revealed the augmented micro-cracks, reinforcement debris, and
craters at kerf surfaces due to the presence of hard reinforcement particles. The
hard phases of reinforcements will restrict the removal of material from the substrate
even at a higher gap voltage, leading to variation in contraction stresses during the
WEDM process.

4. The minimum values of the mean and standard deviation of the performance met-
rics, namely SP and IGD, were used to confirm the effectiveness of the proposed
GHO algorithm.

5. The predicted values of VRR and SR for the optimum combination of process control
parameters obtained from the GHO algorithm were 36.7243 mm3/min and 2.43104
microns.

6. The optimum values of VRR and SR obtained from the confirmation experiment
were 35.9321 mm3/min and 2.47007 microns, respectively, and the corresponding
deviations were 2.16% and −1.61%, respectively.
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