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Abstract. Titanium matrix composite (TMC) is comprehensively used in aerospace, turbo-machinery, automobiles and
bio-medical industries for its improved strength properties and wear, corrosion and fatigue resistance. The major aim of
this paper is to focus on the development of the current state-of-art of improving the tribo-mechanical properties by
developing the TMC through laser engineering net shaping (LENS) process. A novel approach has been proposed in the
multi-objective optimization (MOO) technique by combining grey relational analysis with desirability, named as desirable
grey relational analysis (DGRA). The main advantage of incorporating such, is to include the predicted responses obtained
by response surface methodology (RSM) with the actual experimental performances. Advanced non-traditional machining
like wire electro-discharge machining (WEDM) has been used for the experimental runs on the developed TMC by
varying power (P), time off (Toff) and peak current (IP) as chief input process parameters. Box–Behnken design (BBD)
model has been projected to obtain MOO on key performance measures, like material removal rate (MRR), surface
roughness (SR), kerf width (KW) and over cut (OC). The optimized solution is improved by 1.022% when compared with
desirability approach to novel DGRA technique. MRR is enhanced by 1.463%, SR by 13.221%, KW by 1.594% and OC
by 6.025% when compared with DGRA method.
Keywords. Desirable grey relational analysis; response surface methodology; microstructure; laser engineering net
shaping; wire electro-discharge machining; multi-objective optimization.

1.

Introduction

Advanced hybrid composite like titanium matrix composite
(TMC) is widely used in different aerospace, turbo-machinery, automobiles and bio-medical industries for its
supreme strength and corrosion resistant properties. Wire
electro-discharge machining (WEDM) is the most successful non-traditional machining process for incredibly
machining hard ceramics and composites which are enormously complicated to be machined by other conventional
and expensive non-conventional processes. Obscure shapes
with lofty accuracy are obtained by WEDM [1]. WEDM
process is an upgrade of EDM which can machine hard
super alloys (Ni, Fe–Ni alloys), titanium, monel, etc., with
greater accuracy than EDM that are complicated for other
machining processes. Material removal takes place in
WEDM by plasma generation due to the occurrence of
spark between the wire and workpiece, both being
immersed in a dielectric medium. This dielectric acts as
coolant and helps in flushing the debris away. It is used in
machine complicated cuts with immense precision and
accuracy. Super-fine quality with superior performance in
surface integrity is obtained in WEDM process which acts

as a better alternative for manufacturing commercial parts
of jet engines also [2]. Kumar et al [3] investigated on wire
wear ratio (WWR) on pure titanium in WEDM through
response surface methodology (RSM) and analysed by SEM
and energy dispersive X-ray. Analysis of variance
(ANOVA) results confirmed Toff, followed by IP, contributed [57% variation of WWR, whereas Ton, IP and Toff
were contributed towards variations in material removal
rate (MRR). Wire tension and wire feed were insignificant
in this analysis. A novel proper tool material was developed
through powder metallurgy [4] for avoiding wire rupture,
while machining by WEDM. The salient points identified
were, with the effect of increment of wt% of copper in the
wire electrode, an augmentation occurred in electrical
conductivity and tensile strength for which WWR got
reduced. By adding tungsten, a reduction in electrical conductivity occurred due to which WWR got amplified
resulting in wire rupture. Therefore, we concluded the usage
of zinc-coated brass wire instead of brass wire as zinc
favoured increment of electrical conductivity of electrode
wire. Niu et al [5] projected induction skull melting (ISM)
and fabricated TMC by reinforcing Ti with TiB2. Nevertheless, for widespread prospects of better-quality products
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in stipulations of improved performance of TMCs, if their
properties can be enhanced with apposite processing technology, then these TMCs will prove to be the best
replacements of additional expensive materials for designing multifarious and obscure shapes. This has projected for
the exploration of the development of TMC by laser engineering net shaping (LENS) process.
LENS inhabits ceramic and metal powder for precision
manufacturing. In LENS, a net-shaped component is fabricated by layer in layer mechanism by CAD geometry. The
mixture of powder is presented at the focus of laser beam by
the advanced nozzle deposition method. Therefore, powder
feed rate is imperative deposition parameter during LENS
as obtained by Attar et al [6]. Major advantage of LENS is
manufacturing of intricate precision parts which are difficult
to manufacture by other laser methods. Enhanced characteristics of microstructure of TMCs were obtained during
LENS [7,8]. Qiu et al [9] affirmed that optimization is
obligatory to achieve parametric optimal solution for
flourishing production of TMCs by LENS. Sterling et al
[10] explained about the extreme fluctuations in heating and
cooling which resulted in anisotropy of LENS samples
because of porosity. Hu et al [11,12] investigated LENS by
developing a mixture of 98.4 wt% of pure titanium and 1.6
wt% of boron for *5 h by changing the processing conditions. Attar et al [13] produced Ti-TiB hybrid composites
through LENS by developing a mixture of 98 wt% pure
titanium and 2 wt% boron powders and inferred a coarse
microstructure because of extreme rate of cooling.
Manjaiah et al [14,15] endowed with consolidated
information on various optimization processes and highlighted on the investigation of maximum productivity and
surface integrity of WEDM on TMC. Enhanced hardness
was obtained near the recast layer formation by 58%
because of oxide layer formation. Non-uniform recast layers
with 20–35 lm thickness were acquired because of the
occurrence of exodus foreign elements from wire and
dielectric, hence, shape recovery ability got modified.
Hence, optimum parameters must be identified to hinder the
formation of such recast layers. Bisaria and Shandilya [16]
investigated influences of various parameters of WEDM
like wire speed, wire tension, spark gap voltage, spark on
time, spark off time on cutting efficiency and surface
roughness (SR) on Ni50.89Ti49.11 termed as smart shape
memory alloy. SR and cutting efficiency got augmented
with the enhancement in spark on time and got decremented
with the enhancement in spark off time and spark gap
voltage. Nourbakhsh et al [17] experimentally inspected
WEDM machining characteristics on TMC by applying
Taguchi L18 design of experiments (DOE). The cutting
speed was staunchly proportional to peak current and pulse
interval. With the enhancement in pulse width, SR got
augmented and vice versa. Hsieh et al [18] attained superb
experimental results on Ti35.5Ni49.5Zr15 and Ti50Ni49.5Cr0.5
alloys by obtaining maximum feeding rate without wire
rupture in WEDM process. SR got augmented with the
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enhancement in pulse duration. Arikatla et al [19] premeditated the influence of WEDM input parameters like
pulse-on-time, pulse-off-time, servo voltage, input power
and wire tension on output responses like MRR, SR, KW
and surface topography of Ti alloy. MRR and KW augmented with the enhancement in servo voltage, input power,
pulse-on-time and wire tension. SR also augmented with the
increase in input power and pulse-on-time. Wire tension and
servo voltage got incremented with the decrement in SR
with a fine surface finish. SEM micrographs inferred lesser
occurrence of surface defects at low levels of process
parameters and vice versa. Moderate values resulted in
improved surface qualities when compared with higher
values. Takale and Chougule [20] observed the surface
morphology on WEDM on Ti49.4Ni50.6 shape memory alloy
which are used in orthopaedic implants for its shape
memory effect (SME). SME is accomplished by succeeding
heat treatment like annealing. MRR got incremented by the
enhancement of wire feed, but SR got decremented because
of enhancement of splashing of molten materials. With the
augmentation in wire feed, fine surface finish was achieved
with less recast layer. Ample hardness and crouch residual
stresses were also observed. With the enhancement of wire
feed, a very few quantities of material got alleviated from
wire into the workpiece and caused higher metallurgical
modifications. Multi-objective optimization (MOO) was
conceded for obtaining the optimal solution. It was contingent for retaining SME for elevated bending strains and
hence, annealing was compulsory. Pramanik et al [21]
investigated the effects of pulse-on-time (4–10 ls), flushing
pressure (7–18 MPa), wire tension (800–1700 gf), while
analysing WEDM of Ti6Al4V alloy. Multi-layer recast
layer was achieved with holes and cracks of wire electrode
material. Shorter pulse-on-time (4–6 ls) resulted in lower
SR, but with its enhancement, KW got augmented, but
decremented with the enhancement in wire tension. MRR
got augmented with the increment in pulse-on-time and
decremented with the increment in wire tension. Bose et al
[22–24] developed and projected a novel approach in
selecting the best hybrid composite by using advanced
MCDM tools. Several researchers [25–30] have attempted
for the betterment of the performance measures of WEDM
of TMC by incorporating a variety of statistical methods,
like adaptive neuro-fuzzy inference system (ANFIS),
genetic algorithm (GA), artificial neutral network (ANN),
desirability [3,31] coupled with RSM [32], grey relational
analysis (GRA) [33,34], etc., but still exploration is going
on for the feasibility criteria of the optimized solution.
After going through the literature, it was identified that
more exploration is needed in the field of MOO to obtain a
feasible optimal condition and solution. Also, very few
researchers have considered all the four performance measures together to obtain a feasible optimized solution.
Hence, a novel optimization algorithm called desirable grey
relational analysis (DGRA) is proposed to identify the
feasible optimal solution and validated by the confirmatory
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tests. Enhanced tribo-mechanical properties are obtained
and the microstructure depicts an excellent interfacial
bonding of TiB2 with Ti. The major advantage of proposing
DGRA is to include the predicted responses obtained by
RSM with the actual experimental performances, and the
results are in close agreement with each other with nominal
error.

2.
2.1

Methodology
Material development

The material is fabricated by following three basic steps
called pre-processing, development and post-processing.
In the first step, raw powders of pure titanium of 98
wt% and boron of 2 wt% are properly mixed and dried
in a black oven for around 370K for proper removal of
any moisture content. By studying the literature review
[6–13], this proportion is considered to be the most
appropriate and feasible for the composite development.
LENS (MR7, Optomec, USA) with a 500 W fibre laser
of ytterbium-doped is considered for the material
development in the second phase. Laser power ranging
from 150 to 400 W with scan speed of 10 mm s-1
maintaining at 2.3 g min-1 is focussed in the dried
powdered mixture of atmosphere containing argon (Ar)
and oxygen (O2) \10ppm. In the post-fabrication process, which is the last step, proper polishing is indispensable for removal of petite surface cracks to
unshackle the locked-in residual stresses. Then, the
polished samples are etched by a solution of 300 ml
H2O with 100 ml HF and 100 ml HNO3 to remove the
porous contaminants. The dimension of the developed
sample is of diameter 11 mm with 16 mm height as
depicted in figure 1a. After WEDM machining, the
sample picture is depicted in figure 1b.

Figure 1.
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Modelling by RSM

Proper investigations based on experimental runs with
sufficient planning is indispensable for acquiring desired
results. Hence, the mathematical model is framed with
RSM, a successful statistical approach, for modelling and
optimizing the process parameters. In RSM, Box–Behnken
design (BBD) is considered in modelling the DOE which
minimizes the total number of experimental runs for
obtaining quadratic and interactive effects between selected
pairs of factors [32]. The experimental runs are considered
for the present mathematical model. The second-order
polynomial response relation developed by RSM–BBD is
employed to articulate the optimization behaviour according to equation (1):
Z~ ¼ a~o þ

k~
X

a~i~x~i~ þ

i~¼ 1

k~
X
i~¼ 1

a~i~i~x~2i~ þ

XX
i~

~
a~i~j~x~i~x~j~ þ b:

j~

ð1Þ
Here, Z~ symbolizes the selected response; x~i~ denotes the
~ process parameters; a~o portrays the model
values of ith
constant; a~i~ symbolizes linear coefficient; a~i~i~ represents
quadratic coefficients; a~i~j~ denotes interaction coefficient; k~
represents the number of experimental variables; and b~
represents the statistical experimental random error. The
experimental investigation develops the empirical models
and then, the statistical investigations are executed where
multiple regression models are formulated. Here, 17 test
runs with 5 central points are projected in a full quadratic
mathematical model with three-factors and three-levels
assigned by design expert 11 software, and are machined by
CNC WEDM (model: AF 35/ONA), is depicted in figure 2.
The levels are coded -1, 0 and ?1; signifying low, medium
and high levels. Diameter (d) of 0.25 mm is considered
which is of diffused zinc-coated brass wire in a dielectric
medium of deionized water of conductivity of 20 mho.

(a) TMC by LENS process; and (b) after machining from WEDM.
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Figure 2. Experimental setup.

Power (P) factor A are considered at 6, 7, 8 W; time off
(Toff) factor B considered at 20, 25, 30 ls; and peak current
(IP) factor C considered at 5, 8, 10 A. Further, ANOVA is
projected for examining the influence of the effects of each
parameter over the performance measures, considering the
developed regression models. MRR is calculated using
equation (2). Cutting speed (Vc ) is recorded from WEDM
monitor, kerf width (KW) is recorded from profile projector
and OC is hence, computed by equation (3). SR is measured
by upright deviations of a normal surface from ideal condition. Mitutoyo SJ-210 portable surface roughness tester is
therefore, used for recording the SR of means of five
readings of Ra values.


MRR ¼ Vc  KW  t mm3 min1 ;
ð2Þ
OC ¼ KW  d ðmmÞ:
2.3

ð3Þ

Desirable grey relational analysis

In recent times, multi-criteria decision-making (MCDM)
approaches are creating a significant impact in solving
complex manufacturing problems with maximizing productivity and minimizing cost because of their
immutable capacity for judging distinctive alternatives on
various criteria for determining the best ranking. Grey
relational analysis (GRA) [33,34] is basically founded by
Prof Deng (1982) which works on the principle of grey
system theory where various information related to quality
and quantity, form a continuum from zero to entire information which in turn resembles black through grey to white.
Therefore, to accelerate the identification of the major
influencing parameters and to obtain the combined effect of
input parameters with the performance measures, a novel
approach in the optimization algorithm is proposed for the

improvement of the optimized solution. This is known as
desirable grey relational analysis (DGRA) which is a
combination of both GRA and desirability. The foremost
advantage of using this approach is to incorporate the predicted responses also along with the experimental results to
obtain more accuracy and precision in the manufacturing
arena. The steps of DGRA are given below:
Step 1: Normalization: Normalization of the performance
measures is computed depending on the requirements and
marked between 0 and 1. All the experimental output
responses as well as the predicted responses obtained from
the desirability approach are considered here. Smaller the
better for SR, KW and OC; and larger the better for MRR
as given in equation (4):
8
>
>
>
<

Qk~ðrÞ  min Qk~ðrÞ
;
max Qk~ðrÞ  min Qk~ðrÞ
Pk~ðrÞ ¼
>
max Qk~ðrÞ  Qk~ðrÞ
>
>
;
:
max Qk~ðrÞ  min Qk~ðrÞ

9
>
>
Larger the better >
=
>
>
Smaller the better >
;

ð4Þ

where Pk~ðrÞ represents the value attained after the generation of DGRA, Qk~ðrÞ attained after experiments,
min Qk~ðrÞ, max Qk~ðrÞ depict the minimum and maximum
values of Qk~ðrÞ and k~ denotes experimental number for rth
response.
Step 2: Desirable grey relational coefficient (DGRC): It is
calculated by equation (5):
fk~ðrÞ ¼

Dmin þ nDmax
;
Dok~ðrÞ þ nDmax

ð5Þ

where fk~ is DGRC, Dok~ðrÞ is the offset value flanked by
reference (which is considered as 1.000), n represents
characteristic coefficient (selected at 0.5) [34], Dmin depicts
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the least value and Dmax denotes the highest value of
Dok~ðrÞ .
Step 3: Desirable grey relational grade (DGRG): The
multi-objective values are transformed into equivalent
single-objective value by using equation (6):
1X
f ~ðrÞ;
g r¼1 k
g

dk~ ¼

ð6Þ

where dk~ is DGRG ranging between 0 and 1, g the number
of experimental runs. Ranking is considered depending on
the value of DGRG where the maximum value is considered to be rank 1 representing the best possible parameters
and responses and the ranking is considered in descending
order.

3.
3.1

Results and discussion
Microstructural analysis

Figure 3a depicts the schematic diagram of the TMC
developed after LENS process which signifies very-fine
distribution of TiB2 particles surrounding the larger Ti
powders. Figure 3b represents the formation of TMC
developed by selective laser melting (SLM) process which
portrays semi-reacted TiB2 particles with unreacted TiB2
and in situ formed needle-shaped TiB (whiskers) with semiformed TiB owing to a weak interfacial bonding [13]. SLM
employs a deposition process which is based on powder
where towering laser energy is obligatory for entire melting,
resulting in extreme difficulty of appropriate formation of
these intermetallic compounds because these TMCs possess
greater melting point causing enhancement of viscosity.
This constraint has to be surmounted with the incorporation
of LENS process due to its nozzle-deposition technique
with an additional parameter of powder feed rate. Scanning
electron microscope (SEM) (Phenom proX, The Netherlands) is used for the characterization of microstructure.
Figure 4 divulges the impact characteristics of variations of
laser power on the characterization of the hybrid TMC
developed by LENS process. Laser scan speed is

Figure 3.

TMC formed after (a) LENS process and (b) SLM.
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maintained at 10 mm s-1 for proper processing. Figure 4a
portrays a heterogeneous and non-uniform dispersion of Ti
with TiB2 deficient zone within the matrix at 200 W laser
power. This has also been validated by Attar et al [13]. With
the increment in laser power by 250 W, microstructure
formation resulted in a coarse structure as depicted in figure 4b. But fine microstructure occurs on further enhancement in laser power to 300 W, but partial interfacial
bonding is formed within the matrix and reinforcements as
shown in figure 4c. When the laser power is further
enhanced to 350 W, there is an occurrence of a cluster of
white layer formation in large numbers concluding fine
dispersion of TiB2 particles. A fully 3d quasi-continuous
network occurs which infers superior tribo-mechanical
properties and excellent interfacial bonding as portrayed in
figure 4d.

3.2

Combined ANOVA for MRR and SR

ANOVA results for MRR and SR interpret the significance
of linear, quadratic and interactive effects of the process
parameters at 95% confidence level. From the combined
ANOVA table of MRR and SR as observed in table 1, Fvalue of MRR and SR model is 92.21 and 121.83 signifying
a 0.01% chance of noise generation. This significance is
dependent on the criteria when P [ F is \0.05. From
table 1, it is pretty much clear that maximum effects of the
process parameters are significant. When P [ F is [0.1,
then, the effects are considered insignificant. In MRR
model, the interactive terms AB and AC are insignificant
and in SR model, interactive term BC and quadratic terms
A2 and B2 are obtained to be insignificant. The lack of fit for
both MRR and SR is insignificant compared to pure error
resembling ample signal to navigate in design space. The
values of predicted coefficient of determination, Pred R2 are
in pragmatic accordance with the adjusted coefficient of
determination Adj R2 of both the MRR and SR responses as
the difference is \0.2. R2 tends to be 1 which is known as
multiple regression coefficient inferring excellent characteristics. Adequate precision Adeq Prec for MRR is 27.730
and for SR is 37.095 indicating a sufficient signal measuring
the signal to noise ratio where the criteria have to be [4.
These models can therefore, navigate in the design space.
Figure 5 portrays the variation of 2-d contour plots of different performance measures where a relationship can be
built between two process parameters, while keeping the
other parameter at medium level. MRR is an extensive
performance response which vastly impacts productivity
and cost. Therefore, much preference is to be given for
superior MRR in machining for improvement in production,
minimizing the overall cost. From table 1, it is pragmatic
that power is the most significant process variable which
influences greatly in MRR, while peak current is the most
significant process variable in case of SR. There is an
augmentation of MRR with the enhancement of P, but a
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Figure 4. SEM micrographs at different laser powers with 10 mm s-1 scan speed: (a) 200, (b) 250, (c) 300 and
(d) 350 W, respectively.
Table 1.

Combined ANOVA on MRR and SR.
MRR

Source
Model
A—power
B—time off
C—peak current
AB
AC
BC
A2
B2
C2
Lack of fit
R2 (MRR) = 0.9916
R2 (SR) = 0.9937
Pure error
(MRR) = 0.0089
*

SR

F

p

F

p

92.21
598.48
23.28
17.94
3.94
4.76
37.68
22.68
108.77
7.04
0.267
Adj R2 (MRR) = 0.9809
Adj R2 (SR) = 0.9855
Pure error (SR) = 0.0011

\0.001
\0.001
0.002
0.004
0.088*
0.065*
0.001
0.002
\0.001
0.033
0.847*
Pred R2 (MRR) = 0.9657
Pred R2 (SR) = 0.9706

121.83
108.28
82.76
649.63
21.83
8.68
0.978
1.81
2.33
338.17
0.328
Adeq Prec (MRR) = 27.730
Adeq Prec (SR) = 37.095

\0.0001
\0.0001
\0.0001
\0.0001
0.0023
0.022
0.356*
0.220*
0.171*
\0.0001
0.807*
PRESS (MRR) = 0.044
PRESS (SR) = 0.007

Insignificant

subsequent reduction occurs with the augmentation in Toff
as depicted in figure 5a. In figure 5b, there is a large
amplification of MRR with the enhancement of P and IP, as
there is an amplification of heat energy which increases the
plasma energy and MRR is steadily proportional to plasma.
Figure 5c illustrates the enrichment of MRR with the rise in

IP and P, but intensifies with the decrement in Toff due to
the occurrence of insufficient amount of discharges of
plasma. From figure 5d, it is apparent about the augmentation of SR as P and Toff augment. From figure 5e, it is
obvious that SR gets increased with the augmentation in P
and IP. Figure 5f conjectures about the augmentation of SR,
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Figure 5. Contour plots of performance measures: (a) P vs. Toff on MRR, (b) P vs. IP on MRR, (c) Toff vs. IP on MRR, (d) P vs. Toff
on SR, (e) P vs. IP on SR, (f) Toff vs. IP on SR, (g) P vs. Toff on KW, (h) P vs. IP on KW, (i) Toff vs. IP on KW, (j) P vs. Toff on OC,
(k) P vs. IP on OC, (l) Toff vs. IP on OC.
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when IP augments, but further decreases when Toff lessens,
due to the occurrence of extended spark duration ensuing in
additional discharge energy per spark. Therefore, it is
pragmatic that with the increment in Toff, SR gets abridged
due to the formation of squat discharges for a precise period
ensuing in small crater formation. Thus, Toff should be
higher for smooth surface finish. Similar results are
obtained for figure 5g–i in determining the KW responses
with the process parameters. With the increase in P and IP,
KW and OC increase, but with the increment in Toff both
decrease; which hence, designates that with the adherence
of molten metal, there is a formation of micro voids. This is
due to weak interaction of plasma jet to the sample at
superior cutting speed. With the increment in the discharge,
the cutting speed increases, resulting in elevated concentration of plasma energy leading to swift melting and hence,
the molten metal vapourizes increasing the MRR.
Figure 5j–l represents the same for OC response. It is
pragmatic that since OC is directly proportional to KW,
therefore, the dependency of these parameters exhibits
similar results for both the performance measures of KW
and OC. In all these figures, minimum zone symbolizes in
blue and maximum zone symbolizes in red contours.
Regression equation for MRR is given by equation (7):

(2021) 44:46

Figure 6.

Desirability graph of P vs. Toff.

ð8Þ

Figure 7.

Desirability graph of P vs. IP.

The optimized result is obtained from desirability approach
which is then improved by implementing DGRA method.
The most important scope of this desirability function is to
achieve the geometric mean of all responses. Both numerical and graphical optimizations are applied with proper
validation. MOO is obtained with an overall desirability of
0.715931 when P is 7.3704 W, Toff is 27.8665 ls, IP is
9.7077 A, MRR is 3.606 mm3 min-1, SR is 1.392 lm, KW
is 0.345 mm, OC is 0.095 mm. Figure 6 represents the
surface plot of overall desirability considering the P and Toff
parameters, keeping IP as medium value and constant. It is
pragmatic that desirability enhances with the combined
effect of P increment and Toff decrement. Similarly, both
P and IP show an augment in the desirability with their
enhancement, keeping Toff to be invariant and in medium

Figure 8.

Desirability graph of Toff vs. IP.

MRR ¼ þ 3:40 þ 0:3407A  0:0672B  0:0584C
þ 0:0387AB  0:0422AC þ 0:1186BC
þ 0:0905A2 þ 0:1983B2 þ 0:0531C2

ð7Þ

Regression equation for SR is obtained by equation (6):
1=SqrtðSRÞ ¼ þ1:10  0:0527A  0:0461B
 0:1279C þ 0:0332AB þ 0:0207AC
 0:0070BC  0:0093A2
þ 0:0105B2  0:1339C2 :

3.3

MOO and validation

Bull. Mater. Sci.
Table 2.
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DGRA ranking on performance measures.

Machining parameters
Run
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Performance measures

P (W): A

Toff (ls): B

IP (A): C

DGRG

RANK (DGRA)

7
6
8
7
6
7
7
7
7
7
7
7
6
8
6
8
8

30
25
20
25
20
25
20
25
25
20
30
25
25
25
30
30
25

5
10
8
8
8
8
5
8
8
10
10
8
5
10
8
8
5

0.5520243
0.7233158
0.5685061
0.6391668
0.6333009
0.6024239
0.5930627
0.5965464
0.598332
0.5814148
0.6474989
0.602861
0.5547221
0.5093703
0.5208223
0.6184054
0.5795287

15
1
13
3
4
7
10
9
8
11
2
6
14
17
16
5
12

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
DGRGm = 0.5953707

Table 3.
Symbol
A
B
C

Figure 9.

Response table for the means of DGRG.
Machining parameters

Level 1

Level 2

Level 3

Main effect (max–min)

RANK (DGRA)

Power (W)
Time off (ls)
Peak current (A)

0.6080
0.5941
0.5698

0.6015
0.6007
0.5978

0.5689
0.5847
0.6154

0.0391
0.0160
0.0456

2
3
1

Confirmation tests on MRR.

level, as evident from figure 7. But from figure 8, it is clear
that the overall desirability can be improved at higher IP,
but at lower Toff, when P is kept constant and in medium
level. Hence, an optimum point is essential for MOO
analysis. Table 2 represents the ranking of DGRA on the

Figure 10.

Confirmation tests on SRT.

performance measures. Rank 1 is obtained in experimental
run number 2 comprising of machining parameters of factors A at 6 W, B at 25 ls, C at 10 A with DGRG of
0.7233158. This optimized value has improved result when
compared with the desirability approach (0.715931). The
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means of DGRG (DGRGm) is 0.5953707 which is in close
proximity of the rank 17 of run 14 (0.5093703). The difference in the DGRG values between two successive rankers is very nominal inferring superior results in MOO
problems. Table 3 corresponds to the response table for the
means of DGRG where the main effect is considered by the
difference between the maximum and minimum effects of
each input process parameters, and thus, ranking is considered in descending order. By considering the overall
effects in DGRA, IP is inferred to be rank 1, P to be rank 2
and Toff to be rank 3. Ranking signifies the contribution of
each process parameters to all the four performance measures. Confirmatory test is conducted for confirmation and
validation of the results. Figures 9 and 10 signify the confirmatory tests on MRR and SR, respectively, which clearly
designate incredibly squat deviation of the actual experimental responses from the predicted responses. These
confirmatory graphs illustrate pragmatic concurrence
between the test results and predicted values. From figure 9,
it is evident that in experimental run number 12, MRR
shows a significant deviation between the experimental
MRR (3.5344 mm3 min-1) and predicted MRR (3.6815

Figure 11.

Table 4.

(2021) 44:46

mm3 min-1), whose input parameters are P of 7 W, Toff of
25 ls, IP of 8 A. This can be due to machine chatter;
unstable vibration and improper dielectric flush which can
again be controlled at optimum conditions. Figure 11 portrays % improvement and comparative study between
DGRA, desirability and Kumar et al [3]. It is pragmatic that
by incorporating DGRA, maximum % error has been reduced
and there is an improvement in the manufacturing and
machining processes. Again, considering run number 12, %
improvement in DGRA is obtained to be 4.163%, whereas for
desirability, it is 1.868%, and when compared with Kumar
et al [3], the % improvement is 2.3%. From the graph, it is
evident that in every experimental runs DGRA and desirability is superior to Kumar et al [3]. However, much
exploration in comparison with DGRA to GA and ANN in
future has to be endeavoured for better optimal results.
Table 4 reveals the validation test where the optimal solution
is further improved by 1.022% when compared with desirability to DGRA. All the performance measures are enhanced
to a superior extent when evaluated with the experimental and
the predicted optimized results. MRR is improved by 1.463%,
SR by 13.221%, KW by 1.594% and OC by 6.024%.

% Improvement of DGRA.

% Improvement.

Machining parameters
Power
(W)

Time off
(ls)

7
7.3704
6

30
27.8665
25

Performance measures
Peak current
(A)
10
9.7077
10

Responses

Optimized
value

Measured
Predicted by desirability
Predicted by DGRA
% improvement

0.715931
0.7233158
1.022

MRR
(mm3 min-1)

SR
(lm)

KW
(mm)

OC
(mm)

3.658
3.606

1.576
1.392

0.34
0.345

0.09
0.095

1.463

13.221

1.594

6.025
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Conclusion

A statistical and experimental investigation is projected in
this paper on a developed TMC by LENS process where
WEDM is used for machining varying different process
parameters resulting in optimal solution. The following
inferences can be drawn:
• Both MRR and SR augment with increase in P and
IP. MRR also enhances with the decrement in Toff.
SR augments with the augmentation in IP and
decreases with the enhancement in Toff. KW and
OC are staunchly proportional to P and IP, but
decrease with the increase in Toff; therefore, should
be kept at optimum values for better result.
• MOO is obtained with an overall desirability of
0.715931 when P is 7.3704 W, Toff is 27.8665 ls, IP
is 9.7077 A, MRR is 3.606 mm3 min-1, SR is 1.392
lm, KW is 0.345 mm and OC is 0.095 mm.
• Optimization is further improved by 1.022% when
compared with desirability to DGRA. MRR is
improved by 1.463%, SR by 13.221%, KW by
1.594% and OC by 6.025%.
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