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Abstract.

In order to machine hard and high-strength-to-weight ratio materials, electrical discharge machining

(EDM) process is extensively used in aerospace, automobile and other industrial applications. However, high
erosion of tool and improper selection of machining variables have emerged as a major obstruction to achieve
productivity in this direction. High erosion of tool not only enhances the cost of machining but also increases the
machining time by causing interruption during machining. Therefore, proper selection of machining variables
and tool material life are the two vital aspects for the tool engineers working in EDM. In view of this, the present
work proposes an extensive experimental investigation and optimization of machining variables of cryogenically
treated brass tool materials on machining competences of Inconel 718 workpiece. The study primarily highlights
the outcome of cryogenically treated soaking duration of tools along with other important process variables, viz.
discharge current, open-circuit voltage, pulse-on time, duty factor and flushing pressure, on the performance
measures such as electrode wear ratio (EWR), surface roughness and radial over-cut. The study revealed that
soaking duration in deep cryo-treatment of the electrode is a significant variable to achieve improved machining
characteristics. The performance measures are converted into equivalent single performance measure by cal-
culating the relative closeness coefficient by the techniques for order preferences by similarity to ideal solution
(TOPSIS) approach. Finally, a novel teaching—learning-based optimization (TLBO) algorithm has been pro-
posed to find the optimal level of machining variables for the performance measures. The optimal levels of
cutting variables obtained through the algorithm are validated through confirmation test, predicting an error of
2.171 percentages between the computational and experimental results. The predicted result suggests that the
proposed model can be used to select the ideal process states to achieve productivity for the cryo-treated EDM.

Keywords.

1. Introduction

In today’s manufacturing scenario, hard and difficult-to-
machine materials, viz. composites and super-alloys, are
extensively used in automotive, aerospace, chemical power
generation, gas evacuation, surgical utensils for laboratories
and other leading industries seeking productivity. However,
it is hard to machine these materials with conventional
machining processes to produce intricate part shapes within
tight tolerances. Therefore, advanced machining processes
like electrical discharge machining (EDM) is usually
adopted for the purpose. The material evacuation technique
in EDM is due to occurrence succession of spark discharges
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in between the electrodes. Owing to succession of spark
discharges, a little amount of material is frequently eroded
from both the electrodes and the debris are removed by the
flushing action of a dielectric fluid. In EDM, high erosion of
tool has emerged as a major obstacle to achieve produc-
tivity. Past studies indicate that primarily copper and gra-
phite electrodes may result in increasing productivity, but
their usage is primarily restricted to rough machining
conditions [1-4]. However, use of brass electrodes can
produce high dimensional accuracy and surface finish but
low material removal rate because of wearing of electrodes.
In order to increase the wearing resistance of tool electrode,
heat treatment process is typically adopted [5-7]. Cryo-
genic treatment is an inexpensive and everlasting process in
which the entire material is kept in an isolated cryogenic
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chamber to be cooled down to a specific low temperature
gradually, retained at the low temperature for some dura-
tion, returned to normal temperature gradually and finally
heated to release the brittleness. The treatment fetches some
noteworthy changes to the properties of the material, viz.
enhancing the wear resistance, micro-hardness, thermal
conductivity and refining the micro-structure [8]. Recently
many studies reported the application of cryogenic treat-
ment to enhance the wearing resistance of the tool and wire
for non-conventional machining processes like EDM and
wire EDM for machining of toughened and difficult-to-
machine materials [9-12]. In cryogenic treatment, the
variables that significantly affect the material properties are
duration of soaking, soaking temperature, rate of cooling
and heating rate [13]. Several studies reported that in
cryogenic treatment, soaking duration of materials is an
influential variable to enhance the material properties than
other involved variables [8, 14—16]. However, studies to
analyse the effect of soaking duration while machining in
EDM with a relatively hard material like Inconel 718 with
brass as the EDMed electrode material are very rare in the
literature.

On the other hand the high wear ratio of electrode causes
interruption during machining, thereby, enhancing
machining cost and time, which in turn leads to low pro-
ductivity of the process. To achieve productivity, the EDM
operation should concentrate towards maximization of
beneficial attributes, viz. material removal rate (MRR),
accuracy of the drilled holes and tool life and minimization
of non-beneficial attributes, viz. surface roughness, recast
layer and tool wear. However, achieving all these primarily
depends up on selection of optimal level of machining
variables. Selection of optimal level of cutting variables
helps in getting the desired performance measures. Or else,
improper selection of cutting variables can lead to error-
prone results, accidents during machining and damages to
work—tool pair. Therefore, to achieve productivity, proper
selection of cutting variables is vital. In a significant move
to ehance productivity, researchers have attempted to
implement nontraditional optimization techniques, viz.
particle swarm optimization (PSO) and genetic algorithm
(GA), to achieve the optimal level of cutting variables
[17, 18]. However, applications of these algorithms are
limited to use of constraints handling, penalty functions and
proper controlling parameters, etc.

To address these issues, the present work attempts to
study the consequences of deep cryo-treated (—196°C)
brass tools subjected to different soaking durations, viz. 0,
24 and 36 h, while machining with Inconel 718 work
material. The study also analyses the effect of machining
variables, viz. open-circuit voltage, discharge current,
pulse-on time, duty factor and flushing pressure, on
machining characteristics, viz. electrode wear ratio (EWR),
surface quality and radial over-cut. Effects of soaking
duration on machining performance of electrodes and
workpieces are extensively studied through scanning
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electron microscope (SEM) micrographs and X-ray
diffraction (XRD) analysis. The multiple performance
measures are converted into an equivalent single perfor-
mance measure by calculating the relative closeness coef-
ficient by the TOPSIS approach. Meanwhile, non-linear
regression analysis is conducted to develop a valid empir-
ical model relating process variables and relative closeness
coefficient. Finally, a novel TLBO algorithm has been
proposed to find the optimal level of machining variables
for the performance measures (relative closeness coeffi-
cient). The optimal levels of cutting variables obtained
through the algorithm are validated through confirmation
tests.

2. Literature review

Extensive study of past literature suggests that researchers
have made ample efforts to enhance the machining per-
formance of the EDM process in order to find the best
parametric setting for achieving improved material
removal rate and minimum tool erosion and surface
roughness for a different combination of the work—tool
pair. Prabhu and Vinayagam [19] have used fuzzy logic
and grey relational analysis to find the optimum level of
machining conditions while machining in the presence of
carbon nano-tube particles for machining characteristics,
viz. surface roughness and material evacuation. Taguchi’s
experimental architecture along with grey relational
analysis is employed to obtain the best machining condi-
tion when AISI P20 steel is machined with copper tool
material by Dewangan and Biswas [20]. El-Taweel and
Hewidy [21] have recommended the use of a planetary
EDM for achieving better surface finish and dimensional
accuracy at reduced machining time. A few studies report
parametric investigations on the proposed model followed
by finding the best machining condition for the process
while machining workpieces like AISI D2 steel, metal
matrix and ceramic composite with copper electrode
[22-24].

Many researchers have adopted controlled cryogenic
cooling of tool and workpiece to achieve significant
improvement in machining performance of the process.
When such approaches are associated with cooling of tool
and work material the conventional EDM process is termed
as cryo-treated EDM. In this direction, Kumar et al/ [9] have
studied the consequences of important variables in the
presence of suspended graphite particles on performance
measures, viz. wear ratio and TWR, while the Inconel 718
work material is eroded by means of cryogenically treated
copper tool material. Jafferson and Hariharaan [10] have
proposed a comparative study on machining efficiency of
cryogenically treated and untreated micro-electrodes like
those of copper, tungsten and brass while machining with
an AISI 304 stainless-steel workpiece. It is observed that
for tungsten electrode the tool wear is reduced up to 58%



Sadhana (2018) 43:51

followed by those of brass and copper when electrodes are
cryogenically cooled. Kapoor et al [11] found for cryo-
genically cooled brass wire that type of wire, time amid
consecutive two pulses and wire tensions are the key pro-
cess variables for material evacuation. Gill and Singh [13].
attempted machining cryogenically treated titanium alloy
workpiece with copper electrode in an electric discharge
machining process. It is observed that higher material
removal rate (MRR) with precisely drilled holes and lower
wear ratio can be achieved when the work material is
cryogenically treated. Srivastava and Pandey [25] found
that substantial reduction in electrode wear and surface
irregularity with good surface integrity of tool can be
achieved with a cryogenically treated copper tool on a
machine M2 grade steel workpiece rather than an untreated
copper tool. Abdulkareem et al [26] have analysed the
influence of spark-off duration, discharge current, pulse-off
time and open-circuit voltage on machining characteristics,
viz. surface quality and electrode wear. They concluded
that if the cryogenically cooled electrodes are employed
during machining, the wear ratio can be reduced up to
twenty-seven percentages. Ultrasonically assisted and
cryogenically treated tool can be employed in the EDM
process to enhance wear resistance and achieve better
custody of tool profile as suggested by Srivastava and
Pandey [27].

Several numerical and theoretical models have also been
reported to study the process behaviour in EDM with a
view to reduce the cost of experimentation. A few studies
were proposed for precise and accurate prediction of
responses, viz. material removal rate and TWR, using
artificial intelligence techniques (Al), viz. artificial neural
networks (ANN) and GA [28-30]. Chen and Mahdivian
[31] have suggested a theoretical model to estimate the
material removal rate and surface quality considering pro-
cess variables like discharge current and pulse duration.
Mohanty et al [32] have suggested a thermo-structural
model based on finite-element approach for precise pre-
diction of three responses, viz. MRR, TWR and residual
stress.

It is observed that brass as EDM electrode possesses poor
material removal rate and high wear ratio owing to its low
thermal and mechanical properties. Hence, it is primarily
applied in finishing operation as compared with copper and
graphite tools [1, 3, 17, 33]. However, in order to achieve
productivity it can be cryogenically cooled to enhance the
wearing resistance and material evacuation abilities
[10, 11]. Hence, it is important to evaluate the machining
efficiency of the process with cryogenically treated brass
electrode against a difficult-to-machine material like
Inconel 718.

A critical study of past literature on cryo-treated EDM
reveals that past studies primarily focus on a particular
duration of soaking during deep cryogenic treatment
without justifying the purpose for the same [12, 25, 34]. It
is also observed that the aspect of soaking duration and its
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outcomes on machining performance of the process have
not been emphasized intensively in the literature. Further,
the optimal process condition for simultaneous optimiza-
tion of multiple performance characteristics for cryo-treated
EDM is not adequately dealt with in the literature. Mostly
researchers have adopted GA, PSO and fuzzy logics for
achieving the best machining conditions of conventional
EDM process. Even though many studies have been
reported until now to find the optimal level of machining
variables through non-traditional optimization techniques,
no study has been reported to date that applies the efficient
algorithm TLBO for solving a multi-objective problem.
Hence, attempt must be made to find the optimal level of
machining variables through a robust algorithm like TLBO.

Therefore, the present investigation aims at justifying
the effectiveness of soaking duration by considering it as a
process variable and measuring the performance measures
of the EDM process. The multiple performance charac-
teristics are converted to an equivalent single performance
measure by calculating the relative closeness coefficient
and are ranked according to preference order by TOPSIS
approach. An evolutionary TLBO algorithm has been
proposed to get the best relative closeness coefficient
solution with the optimized process parameters. Finally,
the optimal level of machining variables achieved through
the method is validated by accomplishing the confirmative
test.

3. TOPSIS method

TOPSIS is a multi-attribute decision-making approach
(MADM) proposed by Huang and Yoon [35]. The method
is simple in concept and involves little computational dif-
ficulty in comparison with other MADM techniques like
utility concept, grey relational analysis and desirability
function, etc. The approach chooses the best alternative that
simultaneously has the least geometric distance from the
positive ideal solution and extreme long geometric distance
from the negative ideal solution. The performance charac-
teristics are considered as attributes, whereas the non-
dominating solutions can be regarded as the alternatives.
Attribute values must be numerically and monotonically
increasing or decreasing for making use of this method.
TOPSIS provides an important ranking for the attributes by
considering full information from the attributes, and does
not call for attribute preferences to be independent. The
procedural steps for TOPSIS method is illustrated in the
steps 1-5 in the following lines [36, 37].

Step (1): The normalized decision value matrix is cal-
culated from the original decision value matrix using
Eq. (1):

Xij . .

P = for i=1,2,...mandj=1,2,...n, (1)

>
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where x; and P; are original and normalized decision
value, respectively, m is the number of alternatives (non-
dominating solutions) and n is the number of performance
measures (objectives or attributes).

Step (2): The weighted normalized decision value matrix
is calculated using the weights for attributes selected by the
decision maker as follows:

Vij = WiP (2)

where Vj; is the weighted normalized decision value matrix
and W; is the weight for the jth objective value.

Step (3): The positive ideal and negative ideal solutions
from the weighted normalized decision value matrix are
recognized. The positive ideal and the negative ideal value
solutions can be represented by the following equations: A

= {Vl+ Sy Vyf } where A, is the positive ideal value solu-
tion and
max(Vy) if jeJ,
Vi = ! , (3)
min(V;) if je T,
A_ ={V,...,V, )} where A_ is the positive ideal value
solution and
min(Vy) if j€J,
v = ’ , (4)
max(Vy) if jeJ,

where
attribute }
J =1{j=1,2,...,n|j associated with cost attribute}.
Step (4): The separation measures for each alternative
are estimated. The separation from the positive ideal value
solution and the negative ideal value solution can be cal-
culated using the following equation:

J =1{j=1,2,...,n| jassociated with benefit

,11/2
*—V@/)} fori=1,2,...mand j=1,2,...n,
(5)

where S is separation from the positive ideal solution.

1172
—V,;/)} fori=1,2,...mandj=1,2,...n,
(6)

where S, is separation from the negative ideal solution.

Step (5): The TOPSIS rank is calculated by estimating
the relative closeness to the ideal value solution using the
following equation:

C;" is the relative closeness of the alternative.
The best solution is selected according to the preference

rank order of Cj*.
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4. TLBO approach

Real-world problem involves a large number of complex
process variables and contradictory performance measures.
Thus, it is tough to find the global optimum solution for a
highly complicated and nonlinear objective function. In
order to overcome this difficulty, there is a vital need to
propose an efficient and effective optimization technique
that works on a continuous search domain. Recently, to
solve these issues, many meta-heuristic and hybrid algo-
rithms, viz. chemical reaction optimization combined with
taboo search (CROTS), PSO, improved max—min ant sys-
tem (IMMAS), ant colony optimization (ACO), etc. have
been proposed by several researchers [38—41]. The objec-
tive behind proposing these algorithms is to achieve the
global optimum solution in less computational effort and
time. However, these algorithms have some constraints like
proper selection of controlling variables, penalty functions,
etc. To address these limitations, Rao and Savsani [42]
proposed a novel optimization technique called TLBO. The
specific advantage of this method is that it does not require
any algorithmic variables. Due to simple concept, rapid
convergence and easy implementation, TLBO finds exten-
sive applications in many real-world manufacturing prob-
lems, viz. flow shop scheduling, power flow experiment
problems, sterling heat engine, etc. [42—47].

The TLBO algorithm was originally motivated by teach-
ing-learning process between a teacher and learners in the
classroom and it was proposed by Rao er al [42-44, 48]. The
effectiveness of the algorithm depends on the quality of
influence of the teacher on the learners in a classroom. Thus
teachers and learners are the key features of the algorithm, and
hence the whole algorithm is divided into two essential parts,
viz. (i) teacher phase and (ii) learner phase. A good teacher is
treated as a learned person who can motivate and trains stu-
dents to obtain better marks or grades. Likewise, the learners
also enhance their knowledge by interacting with each other.
The details of these two phases are described further.

4.1 Teacher phase

A teacher is actually referred to as a highly qualified per-
sonnel and he imparts knowledge among the learners
(students). A good teacher always tries to improve the level
of learners’ up to his/her level. However, in actual practice,
it is not possible, and a teacher can increase the normal
mean (M;) of the class to a better value (M, ). Thus the
difference between existing mean and result and the
improved mean result is given as

difference_mean = r{(Mye,, — TrM;) (8)

where T is the teaching factor that decides the mean value
and r; is a random number in the range [0, 1]. The value of
Tr is decided randomly with equal probability:
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Ty = round[l + rand(0,1)(2, 1)]. 9)

This teaching factor is varied from O to 1 randomly, where
1 implies no transfer of knowledge while 2 implies com-
plete transfer of knowledge with respect to the difference in
mean. The existing solution is modified, and it is given by
the relation

Xnewi = Xoa; + difference — mean;. (10)

4.2 Learner phase

The second half of the algorithm contains the learners
where they can enhance their knowledge either by inter-
acting with the teacher or by conversation with other
learners. A learner can know a new material if another
learner is more knowledgeable than him. Mathematically
these phenomena can be expressed as follows.
At any iteration I, considering two different learners X;
and X; where i #j
Xnew,i

= Xowai +ri(xi — x;) if f(x;) < f(x)), (11)

(12)

Figure 1 shows the flow chart for the TLBO algorithm.

Xnew,i = Xold,i + V,'(Xj - xi) if f(xj) <f(xi)‘

5. Experimental details

In this work, a Box—Behnkin design of response surface
approach is employed to conduct the experiments. The
approach is very much suitable to plan the experiments
and is quite capable of extracting maximum information
from the study with minimum experimental runs by
reducing the number of experiments [17]. As per the Box—
Bhenken design approach, fifty four experiments are to be
conducted in order to analyse the consequences of dis-
charge current, open-circuit voltage, duty factor, pulse-on
time, flushing pressure and soaking duration on machining
characteristics, viz. EWR, surface roughness (R,) and
radial over-cut (C). Duty factor can be defined as the ratio
of duration of spark to total spark time, and mathemati-

— _ T 3
cally, denoted as tau 7 = 7 s Generally it is expressed

in terms of percentage, where T,y is the pulse-off-time
and T,, is the duration of spark. The parametric limits are
coded using Eq. (13):

Amax—Amin

Coded value (Y) = (13)

Amax—Amin
2

where Y is coded value (—1,0,1), Ay, Amin are, respec-
tively, upper and lower limits of actual variables and A is
the actual value of the corresponding variable. The process
variables and their levels are shown in table 1.
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The experiments for the study are conducted in a die
sinking CNC EDM machine, namely ECOWIN PS 50ZNC,
which uses paraffin oil as the dielectric for flushing debris
with side flushing and positive polarity. Inconel alloy 718, a
nickel-chromium alloy, which possess high strength, cor-
rosion resistance and good tensile strength having extensive
industrial applications is used as the work material. It is an
aerospace material and has extensive application in fabri-
cation of parts, viz. aircraft body, liquid fueled rockets,
engine parts for gas turbine, cryogenic container clasps, etc.
The thermal properties and chemical structure of the
workpiece are provided in table 2. In a machining opera-
tion, the tool material is an important aspect as it
straightaway influences the cost of machining expenses.
Therefore, because of its poor mechanical properties and
melting point, brass has been selected as the electrode
material. The objective behind choosing brass as the tool
material is to enhance its thermal and electrical conduc-
tivity by virtue of cryogenic cooling and make it suitable to
meet the industrial requirements. The required tool mate-
rials are prepared from three different brass rods that are of
20 mm diameter and 70 mm length. For suitability during
machining, the diameter of tool material is machined to
13.5 mm in a lathe machine. A surface roughness tester
manufactured by Mitutoya Surftest, SJ 210, is used to
measure the surface roughness of the work material on the
machined surface. The crater dimension on the work
material surface is measured using a tool makers micro-
scope manufactured by the Carl Zeiss company.

The cryogenic treatment is conducted under dry condi-
tions where the tool is not directly exposed to the liquid
nitrogen with an objective to avoid thermal shock of sudden
decrease of temperature. A cryo-freezer Kryo 560-16
shown in figure 2 is used for the treatment of the brass
electrodes. The freezer is made up of a treatment housing
attached with a liquid nitrogen tank. A circular channel
connects the chamber with the tank. A solenoid valve with
the help of a programmable digital temperature controller
controls the flow of liquid nitrogen into the freezer. Liquid
nitrogen from the tank flows into the circular channel and
crosses the threshold into the freezer in the vapour state by
the control valve. The cryogenic treatment variables, viz.
soaking duration, cryogenic temperature, rate of cooling
and rate of heating, are governed by the programmable
digital temperature controller. To begin with, one of the
electrode materials is kept inside the cryogenic chamber,
and is gradually cooled up to the temperature of —196°C at
1°C/min. The material is held at this temperature for 24 h
and gradually brought back to room temperature at the rate
of 1°C/min. Thereafter, the material is exposed to a two-
stage heating process for dissipating the stresses induced at
cryogenic cooling. This process is accomplished by raising
the temperature up to +196°C slowly and then gently
conveying back to the normal temperature. A similar
method of cryogenic treatment is considered for the second
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Initialize population size (no. of
students) and termination criteria

Calculate the mean of each process
variables

Identify the best solution

Update the solution according to best solution
X, =X Id,i + ‘X;encl1el' - TF; XMeani

new,i 0

Discard update
solution and
consider existing
solution

Is updated solution is
better than existing
solution ?

Random select any two solutions i.e.
X; and X;

X:wmi = Xold,i +ri (xi_ x]) Xnew,i

Is X; is better than X;; ? = Xowi 175 (- X;)

Is updated solution is
better than existing
solution ?

Discard update
solution and consider
existing solution

No

Is termination criteria
satisfied ?

l Yes

Final solution

Figure 1. Flow chart for TLBO algorithm.

tool material except that the soaking duration is 36 h rather  of the material, a thermal conductivity tester Unitherm TM
than 24 h. The third tool material is left untreated. A 2022 is used in this study. A Vaiseshika micro-hardness
graphical explanation of cryogenic cooling and two-stage  tester is used to measure the micro-hardness of the material.
heating process for both the cycles performed in this work ~ The properties of the tool before and after cryogenic
is shown in figure 3. To measure the thermal conductivity treatment are presented in table 3. From the table it can be
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Table 1. Process variables and their levels [49].

Levels
Process variables Symbols -1 0 1
Open-circuit voltage (V) A 70 80 90
Discharge current (A) B 3 5 7
Pulse-on time (s) C 100 200 300
Duty factor (%) D 80 85 90
Flushing pressure (bar) E 0.2 0.3 0.4
Cryogenic treatment F 0 24 36

soaking duration (h)

observed that treated samples with longer soaking duration
possess the highest value of micro-hardness in comparison
with the other two samples (i.e., untreated sample and 24-h
soaking duration sample) due to longer duration of soaking.
Due to longer duration of soaking the grain size is reduced
and particles come very close to each other. As a result, the
grain structure gets dense and micro-structure is refined.
This in turn influences increase in micro-hardness and
thermal conductivity.

6. Micro-structural analysis and XRD analysis

An optical microscope (Olympus model no-BX-5175E21P,
Japan) is used to investigate the micro-structural changes
that occur on the brass samples before and after cryogenic
treatment. The optical micrograph photographs for the
untreated and treated brass specimens at 400x enlargement
have been given in figure 4(a)—(c). From the photographs, it
can be distinctly seen that in the untreated samples the
grains are larger and irregular in size and scattered, but
samples treated with soaking for 24 h show distinct grain
boundaries with average grain size smaller in size than that
of untreated samples. On the other hand, samples treated for
longer soaking duration, i.e., up to 36 h, have more refined
and denser grains. It is also visible that the average grain
size is smaller in comparison with other two samples due to
the longer soaking duration of soaking.

Figure 4(a)—(c) shows micro-structures of three electrode
samples used in the study. XRD analysis is also performed
for the treated brass samples in order to compare the results
obtained by the optical micrographs images. An X-ray
diffractometer (model no-X-Pert PRO, PANalytical) made
in the Netherlands is employed for the XRD analysis and
the regular grain size is estimated by means of the Debye—
Scherrer equation and is given by

Table 2. Thermal properties of the work material Inconel 718 [49].
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Figure 2. PLANER Kryo 560-16 cryogenic freezer.

_0.89«

GS = pcosb

(14)

where GS is the grain size in nanometer, o is the wave-
length of X-ray used in the study, f is the line broadening at
half the maximum intensity (FWHM) in radians in the 20
scale and 0 is the Bragg angle in the study. The estimated
values of the regular grain size have been presented in
table 3.

The XRD analysis report revealed that due to deep
cryogenic cooling the average grain size of the samples
treated for 24 h soaking duration was decreased up to
7.78% when compared with the untreated samples. How-
ever, when compared with the same, a significant decrease
of 25.43% average grain size is observed for the samples
treated for 36-h soaking duration. This result is analogous
to the result obtained through the micro-structural
investigations.

7. Calculation of performance measures

Inconel 718 rectangular plates of dimensions
5 x 105 x 110 mm® machined on the EDM machine
ECOWIN PS 50ZNC with three different brass electrodes
for 20 min have been shown in figure 5. After completion
of every experiment, an accurate electronic weight balance
is employed for quantifying the weights of the workpiece
and tool material before and after machining.

The weight of workpiece and tool material before and
after machining is noted down to estimate EWR in per-
centage using the equations

Properties Density Melting temperature

Thermal conductivity

Thermal expansion Poisson’s ratio

Value 8190 kg/m> 1609 K

15 W/m K 13.0 pm/m°C 0.27-0.3
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Cryogenic Treatment 24-hrs and Tempraring cycle
—— Cryogenic Treatment 36-hrs and Tempraring cycle

200 4

100 +

Temperaturein C

-100 4

-200 4

v v — —— v r
L] 10 20 30 20 50 asa 70 80
Time in hrs.

Figure 3. Cryogenic treatment and two-stage tampering process
shown graphically.

Table 3. Properties of brass samples before and after cryogenic
treatment [49].

Treated  Treated
with with
soaking  soaking
Composition Property Untreated for 24 h for 36 h
Cu 62% Zn Thermal 108 121 129
38% conductivity
(W/m K)
Micro-hardness 202 241 265
(VHN)
Average grain 143.72 132.38 111.64
size (nm)
MRR = M (15)
puT
TWR — 10004 Wt (16)
p.T

3 ;,Qanq ha

\“ ~
b3 s MR R
"o 8 3%

WOV * §
RNA
.’,;'w‘r" 4

(b) Cryogenic-treated brass
with soaking duration 24-hrs
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100TWR
MRR

EWR = (17)
where MRR is the material removal rate in mm? /min, AW
is the weight loss due to machining for workpiece and p,, is
the workpiece density. TWR is the tool wear rate in mm?>/
min, AWrt, is the weight loss of tool material due to
machining, p, is the tool density, i.e., ;s = 8565kg/m?
and T is the time taken for machining. The surface rough-
ness measurement on the work material surface is measured
with a surface roughness tester Surftest SJ 210, Mitutoyo.
Five readings on the traverse directions of the workpiece
are measured, and the average of the five readings is
recorded.

The difference between electrode diameter and the
maximum diameter of the machined cavity is called as
radial over-cut and is measured using the following
relation:

d, —d,
ROC ="
2

(18)
where d,, and d, are the extreme diameter of the cavity and
diameter of the tool, respectively. Table 4 shows the Box—
Behnken experimental architecture in conjunction with
estimated machining characteristics. The last column shows
the relative closeness coefficient calculated by the TOPSIS
method.

8. Results and discussion

In all, 54 experiments were conducted to analyse the effects
of imprortant process variables and analysis of variance
(ANOVA) was carried out for each machining character-
istic. Importance of each variable on the performance
measures is detected at the importance level of 0.05. The
ANOVA for EWR along with the contribution of each

Qﬂ““r P :L’ 2’(‘ [

(¢) Cryogenic-treated brass
with soaking duration 36-hrs

Figure 4. (a)—(c) Optical micrograph images of three electrode samples used in the study.
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Figure 5. Three tool materials with Inconel 718 workpiece after
machining.

variable is shown in table 5. The table shows that at the
importance level of 0.5, open-circuit voltage, discharge
current, pulse-on time, duty factor, soaking duration,
combined effect of discharge current—soaking duration and
duty factor—flushing pressure and dual effect of discharge
current, pulse-on time, duty factor and soaking duration are
the vital input variables. Moreover, it indicates that soaking
duration is the most dominant process variable for EWR
with a contribution of 78.35%. The table also shows that
discharge current, pulse-on time, duty factor and open-
circuit voltage are the other influential variables with the
contribution of 10.66%, 2.13%, 1.04% and 0.64%, respec-
tively. It is observed that the lack of fit is insignificant for
EWR; also, the coefficient of determination (R?) and
adjusted (R?) values are found to be quite large, i.e., up to
98.9% and 98.4%, respectively.

Likewise, from the ANOVA table of surface roughness it
is observed that at the significance level of 0.5, discharge
current, pulse-on time, duty factor, soaking duration,
combined effect of pulse-on time—soaking duration and
dual effect of open-circuit voltage, pulse-on time and
soaking duration are critical process variables. The
table indicates that soaking duration is the greatest domi-
nant variable for surface roughness with a contribution of
58.99%. It is also observed that discharge current, pulse-on
time and duty factor are the other influential variables with
a contribution of 18.60%, 9.62% and 0.39%, respectively. It
is observed that the lack of fit is insignificant for surface
roughness along with the coefficient of determination (R?),
and adjusted (R?) values are found to be quite large at
96.1% and 94.1%, respectively. Similarly, the ANOVA for
radial over-cut shows that at the significance level of 0.5,
discharge current, pulse-on time, duty factor, soaking
duration, combined effect of discharge current-soaking
duration and dual effect of open-circuit voltage and soaking
duration are the key variables. For radial over-cut, soaking
duration is found to be the most dominant variable with a
contribution of 79.01%. The other influential variables are
discharge current, pulse-on time and duty factor with a
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contribution of 8.88%, 2.83% and 1.18%, respectively. It is
observed that the lack of fit is found to be insignificant for
radial over-cut and the coefficient of determination (R?) and
adjusted (R?) values are found to be quite large, i.e., up to
97.5% and 96.6%, respectively. Flushing pressure has little
effect on the performance measures.

Table 6 shows the ANOVA for relative closeness
coefficient with the percentage contribution of each vari-
able after elimination of insignificant variables. The
table shows that soaking duration is the most influential
variable with a contribution of 79.06% followed by dis-
charge current, pulse-on time and duty factor with a
contribution of 10.52%, 3.25% and 1.06%, respectively.
The table also shows that square terms of soaking duration
and open-circuit voltage and interaction term discharge
current and tool exhibit a significant effect on relative
closeness coefficient. Open-circuit voltage and flushing
pressure are found to be not significant for relative
closeness coefficient.

After completion of 54 experimental runs the machined
surface of the tool tip is investigated with the SEM Model-
JEOL JSM-6084LV at 100x magnification. The micro-
graphs images are shown in figure 6(a)—(c). It is clearly
evident from the photographs that for the untreated elec-
trode, the machined surface area is severely damaged due to
higher melting and vaporization from electrode tip. The
tool treated for 24-h soaking duration shows good retention
of machined surface due to less melting of the electrode
material from the tip. However, tools treated with longer-
duration soaking, i.e., up to 36 h, exhibit the best perfor-
mance with respect to initial shape retention and better
surface integrity due to the least evaporation and melting of
material among the three tools.

The SEM micrographs taken for the machining condi-
tions of 80 V/5 A/ 300 ps/80%/0.2 bar/0 h and 80 V/5
A/300 ps/80%/0.2 bar/36 h are shown in figure 7(a) and
(b), respectively. These micrographs show that the surface
quality of the machined surface increases considerably as
the micro-cracks and pores disappear from the machined
surface due to increase in soaking duration. Therefore, it is
concluded that machined surface quality is primarily
influenced by the accurate retention of tool shape and
cryogenically treated tool; longer soaking duration creates
finer surface quality due to proper shape retention and

uniform sparking on the machined surface.
The machining cost and time of EDM process are largely

influenced by EWR. Hence, it is an important performance
measure. The surface plot of EWR with soaking duration
and discharge current is shown in figure 8. From the fig-
ure it can be observed that EWR increases rapidly with
increases in discharge current at the lower level of soaking
duration. Increase in discharge current leads to substantial
enhancement in spark energy. As a result the volume of the
molten material from both the electrodes increases, causing
an increase in EWR. The figure also indicates that EWR
varies inversely with increase in soaking duration. This is
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Table 4. Box—Behnken experimental design with estimated performance measures [49].
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Run order A B C D E F EWR (%) Surface roughness m Radial over-cut (mm) Relative closeness C,-+
1 -1 -1 0 -1 0 0 92.12 8.4 0.145 0.774106
2 1 -1 0o -1 0 0 97.03 8.43 0.135 0.777975
3 -1 1 0o -1 0 0 119.1 9.5 0.25 0.563.63
4 1 1 0o -1 0 0 123.2 9.7 0.244 0.562486
5 -1 -1 0 1 0 0 99.3 8.6 0.19 0.695281
6 1 -1 0 1 0 0 105.21 8.67 0.195 0.677443
7 —1 1 0 1 0 0 125.15 9.75 0.28 0.506569
8 1 1 0 1 0 0 129.4 10.2 0.27 0.508609
9 0o -1 -1 0o -1 0 89.31 7.9 0.144 0.789585
10 0 1 -1 0 -1 0 118.26 9.6 0.259 0.549555
11 0o -1 1 0o -1 0 105.19 9.5 0.24 0.598078
12 0 1 1 0o -1 0 130.09 11.3 0.34 0.387864
13 O -1 -1 0 1 0 91.43 8.2 0.149 0.773586
14 0 1 -1 0 1 0 121.37 9.75 0.249 0.557232
15 0 -1 1 0 1 0 110.29 9.3 0.25 0.579165
16 0 1 1 0 1 0 130.19 10.2 0.35 0.387954
17 0 0o -1 -1 0o -1 132.18 10.3 0.39 0.323109
18 0 0 1 -1 0o -1 136.17 11.9 0.47 0.171543
19 0 0o -1 1 0o -1 142.36 10.6 0.45 0.216735
20 0 0 1 1 0o -1 145.4 12.5 0.52 0.074505
21 0 0o -1 - 0 1 73312 7.7 0.07 0.914317
22 0 0 1 —1 0 1 85.33 8.9 0.105 0.822364
23 0 0o -1 1 0 1 79.26 7.9 0.085 0.883558
24 0 0 1 1 0 1 86.41 8.9 0.15 0.764901
25 -1 0 0o -1 -1 0 111.1 9.1 0.21 0.639378
26 1 0 0o -1 -1 0 115.23 9.2 0.19 0.658345
27 -1 0 0 1 -1 0 125.12 9.4 0.25 0.555692
28 1 0 0 1 -1 0 131.05 9.53 0.254 0.542027
29 -1 0 0o -1 1 0 115.44 9 0.22 0.619792
30 1 0 0o -1 1 0 121.37 8.95 0.19 0.651567
31 -1 0 0 1 1 0 111.17 9.15 0.235 0.60238
32 1 0 0 1 1 0 128.08 9.23 0.22 0.595653
33 0O -1 0 0o -1 -1 127.06 8.9 0.39 0.355156
34 0 1 0 0o -1 -1 152.42 12.2 0.54 0.04192
35 0o -1 0 0 1 —1 130.19 9.3 0.36 0.387648
36 0 1 0 0 1 -1 150.11 12.35 0.56 0.01937
37 0o -1 0 0o -1 1 69.13 6.3 0.07 0.951802
38 0 1 0 0o -1 1 79.23 8.5 0.14 0.796543
39 0O -1 0 0 1 1 67.32 6.35 0.042 0.997541
40 0 1 0 0 1 1 82.06 8.7 0.14 0.788693
41 -1 0o -1 0 0o -1 135.37 11.1 0.39 0.307187
42 1 0O -1 0 0o -1 141.39 10.9 0.34 0.380721
43 -1 0 1 0 0o -1 145.42 12.7 0.369 0.314291
44 1 0 1 0 0o -1 148.45 12.6 0.359 0.327894
45 -1 0 -1 0 0 1 71.16 7.9 0.09 0.886796
46 1 0o -1 0 0 1 73.13 7.7 0.06 0.922814
47 -1 0 1 0 0 1 82.14 8.9 0.14 0.78374
48 1 0 1 0 0 1 87.3 8.6 0.13 0.79741
49 0 0 0 0 0 0 125.03 8.75 0.245 0.572724
50 0 0 0 0 0 0 121.42 8.35 0.195 0.653914
51 0 0 0 0 0 0 127.43 9 0.255 0.551105
52 0 0 0 0 0 0 123.23 8.4 0.2 0.643224
53 0 0 0 0 0 0 126.5 8.9 0.25 0.561137
54 0 0 0 0 0 0 122.7 8.5 0.21 0.629191
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Table 5. ANOVA for EWR [49].
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Sum of Degree of Mean p-value prob> Contribution
Source squares freedom square F value F (%)
Model 29660.1 19 1561.06 162.8 < 0.0001 Significant
A—open-circuit 194.09 1 194.09 20.24 < 0.0001 0.65
voltage
B—discharge current 3197.04 1 3197.04 333.42 < 0.0001 10.66
C—pulse-on time 641.08 1 641.08 66.86 < 0.0001 2.14
D—duty factor 311.9 1 311.9 32.53 < 0.0001 1.04
E—Aflushing pressure 1.42 1 1.42 0.15 0.7031 0.00
F—soaking duration 23495.7 1 234957  2450.39 < 0.0001 78.36
A XD 12.13 1 12.13 1.26 0.2686 0.04
AXE 20.42 1 20.42 2.13 0.1537 0.07
BxC 24.82 1 24.82 2.59 0.1169 0.08
BxF 52.22 1 52.22 545 0.0257 0.17
CxD 4.52 1 4.52 0.47 0.4972 0.02
CxF 25.93 1 25.93 2.7 0.1093 0.09
DXxXE 93.84 1 93.84 9.79 0.0036 0.31
DXxF 18.57 1 18.57 1.94 0.173 0.06
A? 38.68 1 38.68 4.03 0.0526 0.13
B? 850.93 1 850.93 88.74 < 0.0001 2.84
C? 129.52 1 129.52 13.51 0.0008 0.43
D? 62.28 1 62.28 6.5 0.0155 0.21
F? 730.06 1 730.06 76.14 < 0.0001 243
Residual 326.01 34 9.59 0.65
Lack of fit 298.88 29 10.31 1.9 0.2457 Not
significant
Pure error 27.13 5 543
Cor total 29986.1 53

because when a material is cryogenically treated, the
electrons of the material can move freely inside the metal
due to good molecular bonding. This allows increase in
electrical conductivity of the material. Increase in electrical
conductivity directly increases the thermal conductivity of
the material as per the Wiedemann—Franz—Lorenz Law.
Due to increase in thermal conductivity the local temper-
ature rise of the material decreases owing to faster heat
transfer away from the surface of the metal, which in turn
declines tool wear. Owing to increase in soaking duration,
the wearing resistance property of tool increases due to
enhancement in thermal conductivity and micro-hardness.
The heat rejection ability of the tools rises due to increase
in thermal conductivity, which in turn causes decay of
TWR and hence EWR is reduced. As per the micro-struc-
tural investigations, further increase in soaking duration,
i.e., up to 36 h, significantly decreases the grain size of the
electrodes. As a result the micro-structure becomes refined
and denser, leading to a substantial increase in micro-
hardness of the material. Therefore, the opposing wearing
resistance against the penetration of heat for the treated
tools with longer soaking duration is increased. This phe-
nomenon considerably reduces the evaporation and melting
of material in treated tools and thus EWR at higher value
soaking duration is reduced.

Likewise, the surface plot of EWR with duty factor and
pulse-on time indicates that initially EWR shows an
increasing trend with increase in pulse-on time but shows a
decreasing trend at higher pulse duration. As the pulse-on
time increases the duration of spark increases. However, for
a particular duty factor, increasing pulse-on time decreases
the number of sparks per unit time, which in turn reduces
the spark density on the machining spot and hence reduces
the electrode wear at higher pulse-on time. One more jus-
tification for lower wear of electrodes at higher pulse-on
time is the sticking of carbon elements over the machined
surface of both the electrodes, causing an improvement in
the wearing resistance of tool and in turn declining EWR.
The figure also reveals that EWR increases with increase in
the duty factor owing to increase in number of sparks per
unit time. Similarly, the surface plot of EWR with open-
circuit voltage and duty factor indicates that EWR shows an
increasing trend with increase in open-circuit voltage and
duty factor due to increase in spark energy.

The surface plot of surface roughness with soaking
duration and discharge current is shown in figure 9. From
the figure it can observed that surface quality deteriorates
heavily with an increase in discharge current at the lower
level of soaking duration. The spark energy across the
electrodes increases rapidly due to increase in discharge



51 Page 12 of 18

Table 6. ANOVA for relative closeness coefficient.
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Sum of Degree of Mean p-value Prob > Contribution
Source squares freedom square F value F (%)
Model 2.789364 15 0.185958 99.800 < 0.0001 Significant
A—open-circuit 0.000997 1 0.000997  0.53495 0.4690 0.034
voltage
B—discharge current 0.300946 1 0.300946  161.513 < 0.0001 10.52
C—pulse-on time 0.093187 1 0.093187  50.0119 < 0.0001 3.258
D—duty factor 0.030437 1 0.030437 16.335 0.0002 1.064
E—Aflushing pressure 0.000373 1 0.000373 0.200 0.6570 0.013
F—soaking duration 2.27575 1 227575  1221.361 < 0.0001 79.56
BxF 0.012594 1 0.012594 6.758 0.0132 0.440
D xE 0.002006 1 0.002006 1.076 0.3060 0.070
DxF 0.001659 1 0.001659 0.890 0.3514 0.058
A? 0.022587 1 0.022587 12.122 0.0013 0.789
B? 0.00041 1 0.00041 0.220 0.6416 0.014
C? 0.001371 1 0.001371 0.736 0.3963 0.047
D? 0.004918 1 0.004918 2.639 0.1125 0.171
F? 0.022808 1 0.022808 12.240 0.0012 0.797
Residual 0.070805 38 0.070805
Lack of fit 0.060554 33 0.001835 0.8950 0.6297 Not
significant
Pure error 0.010251 5 0.00205
Cor total 2.860169 53

current, which in turn causes larger size particle to be
detached from the work material and therefore produces
poor surface quality. The figure also shows that gradually
the surface quality improves with increase in soaking
duration. At the lower level of soaking duration, i.e., the
untreated tool finds it difficult to dissipate the heat absorbed
during machining owing to the poor thermal and electrical
conductivity. As a result the machined surface of the tool
tip gets damaged due to severe evaporation and melting
from the tool tip. Damaged machined tip of tool causes
non-uniform sparking between the electrodes, which in turn
deteriorates the surface quality. On the other hand, when
soaking duration increases, thermal conductivity and

19Ky X188 180xm 11 48 SEI 1eku X1060408 M

(a) Untreated electrode

Figure 6.

(b) Cryogenic-treated electrode
with soaking duration of 24-hrs

micro-hardness of the tool material also increase. Therefore
the heat rejection capacity of the tools also increases, which
in turn effects better surface integrity of tool, improved tool
shape and uniform sparking on the machining spot, leading
to improved surface quality on the machined surface.
Similarly, from the surface plot of surface roughness
with soaking duration and pulse-on time, it can be noticed
that surface roughness increases with increase in pulse-on
time at a lower value of soaking duration. The increase in
pulse duration enhances the spark energy between the
electrode, which in turn facilitates detachment of large
sized particle from the work material and the machined
surface quality deteriorates. Likewise, from the surface plot

12 48" SE X10@’ 18BKm

12 40 SE]

(c) Cryogenic-treated electrode
with soaking duration of 36-hrs.

(a)—(c) Scanning electron microscope analysis of the electrode tip.
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(b) SEM micrograph at
80V/ 5A /300us /80 %/ 0.2bar/ 36hrs.

Figure 7. (a, b) SEM micrographs of the machined surface of the workpiece.

of duty factor and soaking duration it is observed that
surface roughness increases very slowly with increase in
duty factor due to increase in number of sparks per unit
time. Open-circuit voltage and flushing pressure have
minute effect on deviation of surface roughness.

Radial over-cut is a major performance measure as it
directly leads to precise and accurate machining of the
process. The surface plot of radial over-cut with soaking
duration and discharge current is shown in figure 10. It
shows that radial over-cut increases rapidly with the
increase in value of discharge current for the untreated tool.
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This is because increased discharge current significantly
enhances the in-spark energy across the work surface and
higher volume of material is eroded from the work material,
resulting in wider crater to be formed on the machined
surface, which in turn increases radial over-cut. The fig-
ure also indicates that radial over-cut varies inversely with
soaking duration. The untreated tool finds it difficult to
reject the heat absorbed during machining owing to poor
thermal conductivity. As a result the roundness of the tool
material is greatly damaged due to evaporation and melting.
As the tool material looses its proper shape because of non-
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Figure 8. Surface plot of EWR with discharge current and soaking duration.
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Figure 9. Surface plot of surface roughness with discharge current and soaking duration.

uniform sparking the production exactness of the drilled
holes is inferior. On the other hand when the tools are
treated up to 24-h soaking duration, the properties micro-
hardness and thermal conductivity improve. As a result the
heat rejection capacity improves, which helps in main-
taining proper tool shape; because of uniform sparking the
preciseness of the drilled hole increases. Further increase in
soaking duration enhances the mechanical properties of the
tool and the micro-structure becomes dense. Therefore the
vaporization and melting from tool tip is reduced and the

Design-Expert® Software
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tool remains in proper shape. This results in uniform
sparking on the machining spot and precise holes are pro-
duced at longer soaking duration.

Likewise, the surface plot of radial over-cut with pulse-
on time and duty factor indicates that radial over-cut shows
an increasing trend with increase in both the variables. This
is reasonable as increase in duty factor and pule-on time
increases the spark energy significantly due to occurrence
of a series of spark discharges. This in turn influences
increase in MRR and effects increasing radial over-cut.
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Figure 10. Surface plot of radial over-cut with discharge current and soaking duration.
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Figure 11. Convergence curve of TLBO algorithm.

In this work, the multiple performance measures are
converted into an equivalent single performance measure
by calculating the relative closeness coefficient (CfF) by
TOPSIS approach. The relative closeness coefficient is
calculated with a preference order ranked between 0.01937
and 0.997541 with the highest preference on the order of
0.997541. A non-linear regression analysis is conducted
relating relative closeness coefficient with process variables
through using design expert 7 software, which has been
shown in Eq. (19). The equation is written in terms of
actual variables. For the statistical regression analysis the
adjusted (R?) and coefficient of determination (R*) values
are estimated to be 96.55% and 97.52%, respectively,
which confirms the validation of the model.

Relative closeness coefficient (C’+)
= {~1.25626 — 0.074333A — 0.11145B
— 1.611245 x 107*C +0.12631D — 1.52609E + 0.15233F
+ 0.019838BF + 0.031669DE + 2.87973 x 10°DF
+ 4.68611 x 107#A% 4+ 1.57863 x 1073B? — 1.15469 x 107°C?
— 8.74663 x 107*D?* — 1.87728E? — 0.047090F}.

(19)

In this work, the number of learners is treated as the pop-
ulation size and subjects taught are treated as the design
variables. The learners results are the fitness values of the

objective function, and the best result of these values is
regarded as the best solution. In the present analysis, the
initial population size is taken as twenty due to the presence
of complexity in the problem. Several iterations were
formed with various population size iterations to acquire
the best result. Finally, the population size is selected as 40,
with 60 iterations. The convergence plot for relative
closeness coefficients is shown in figure 11. From the plot,
it can be clearly visualized that value of relative closeness
coefficient is increased to 1.032, which is better than the
highest preference order obtained through TOPSIS
approach in table 5. The optimal level of machining vari-
ables along with the relative closeness coefficient obtained
through TLBO algorithm has been presented in table 7.

9. Confirmative test

The optimal level of machining variables obtained through
TLBO algorithm is verified by conducting confirmative
tests for validation of the work. The confirmation test is
carried out at the parametric setting V=70V, 1, =3 A, T,, =
100 ps, T = 80%, F,= 0.3 and soaking duration= 36 h) for
the performance measures EWR, surface roughness and
radial over-cut. The experimental relative closeness coef-
ficient from the obtained performance measures is calcu-
lated and compared to the TLBO relative closeness
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Table 7. Confirmative test for the performance measures.

TLBO Experimental Error
Unit Value  C. Ci. (%)

Process
variables

A—open-circuit  V 70
voltage

B—discharge A 3
current

C——pulse-on us 100
time

D—duty factor % 80

E—Aflushing bar 0.3
pressure

F—cryogenic h 36
treatment
soaking
duration

Relative
closeness
coefficient

1.032 1.007 2.171

coefficient. It is observed that the difference between the
two results is 2.171 percentages, which confirms the vali-
dation of the model. The confirmative test result along with
optimal level of cutting variables and calculated error
percentages of closeness coefficients has been provided in
table 7.

10. Conclusions

The present study explores the effect of deep cryogenic
treatment soaking duration and shows that brass can be
employed as an ideal EDM tool material after deep cryo-
genic treatment with longer soaking duration to machine
hard materials like Inconel 718. Results clearly show sig-
nificant enhancement of all the performance measures for
the treated tools with longer soaking durations. In the
second phase, a hybrid approach of TOPSIS in combination
with TLBO algorithm has been proposed for achieving the
best machining condition for EDM process. The optimal
parametric level of machining variables obtained through
the approach is validated by conducting confirmative tests
predicting an error of 2.171 percentages between the
experimental and computational results. From the experi-
mental investigation, the following conclusions can be
drawn.

1. Owing to deep cryogenic treatment the thermal
conductivity and micro-hardness of the brass electrode
increase. As a result the heat rejection capacity of the
treated tools increases, which in turn increases the wearing
resistance of the tool. Therefore, with improved wearing
resistance, brass can be applied as an ideal electrode
material to generate precise and accurate EDMed parts
mainly in finishing operations.
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2. The study revealed that substantial reduction for the
non-beneficial performance measures can be obtained
if the tools are subjected to soaking for extended
duration, i.e., up to 36 h. Owing to longer duration of
soaking the EWR, surface roughness and radial over-
cut are drastically reduced up to 48.29%, 31.72% and
88.33%, respectively, when comparisons are made
between the experiment numbers 35 (machined with
untreated tool) and 39 (machined with cryo-treated tool
with soaking duration of 36 h). Therefore it can be
concluded that soaking duration is the utmost decisive
variable to enhance performance measures of the EDM
process.

3. SEM micrograph images clearly demonstrate that tools
treated with extended soaking duration can maintain
excellent surface integrity of the machined surface and
can retain better initial shape in comparison with untreated
tool.

4. Process variables, viz. pulse-on time, discharge current,
soaking duration and duty factor, exhibit substantial effect
on the machining characteristics.

5. Flushing pressure contributes little to the variation of
the performance measures.

It is to be noted that the conclusions drawn from the study
are valid for this particular work—tool combination only,
i.e., for Inconel 718 as workpiece and brass as the electrode
material. However, a generalized conclusion is drawn from
the study, that if tool materials are treated for longer
soaking duration their wearing resistance and shape reten-
tion are better owing to improvement of mechanical prop-
erties and this is applicable to all the materials irrespective
of any machines or job shop or any other conditions.
Moreover, depending upon the material properties and
composition of different materials, the results and analysis
may be different.
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