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MULTI-RESPONSE OPTIMIZATION OF ELECTRICAL DISCHARGE MACHINING OF 17-4 PH SS
USING TAGUCHI-BASED GREY RELATIONAL ANALYSIS

Multiple response optimization of the machining of 17-4 PH stainless steel material, which is difficult to process with traditional
methods, with EDM was made by Taguchi-based grey relational analysis method. Surface roughness (Ra), material removal rate
(MRR), and electrode wear rate (EWR) were the responses, while current, pulse-on time, pulse-off time, and voltage were chosen
as process parameters. According to the multi-response optimization, the experiment level that gave the best result was A1B2C2D2.
Optimum machining outputs were found as A1B3C1D1 using the Taguchi method. As a result of the Taguchi analysis and ANOVA,
it was determined that the significant parameters according to multiple performance characteristics were current (56.22%) and
voltage (22.40%). The surfaces of the best GRG and optimal sample were examined with XRD, SEM and EDX analysis and the

effects on the surfaces were compared.
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1. Introduction

17-4 PH stainless steel is a frequently used material in aero-
space, defence, chemical, and food industries showing superior
corrosion properties and high strength properties [1-3]. Cu par-
ticles of 4% wt. in the material structure increase the hardness
and strength values of the material. It is impossible to machine
17-4 PH stainless steel with traditional machining methods due
to its high hardness values [4-9]. Additionally, the high tempera-
ture released during traditional machining methods causes grain
coarsening of Cu and negatively affects the mechanical proper-
ties of the material [10]. Therefore, it is important to machine
17-4 PH stainless steel with non-traditional methods.

EDM is one of the most used non-traditional machining
methods to remove materials from hard-to-machine materials
to produce molds, dies, acrospace and automotive parts, etc. In
the EDM method, which uses electrical discharges to machine
materials, chips are removed from a conductive workpiece by
applying a spark at regular intervals through the electrode. Since
there is no contact between the electrode and the workpiece in
EDM, mechanical shearing forces do not occur on the workpiece,
so mechanical stresses and distortions do not occur on the work-
piece [11-14]. 17-4 PH material stands out as a suitable candidate
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material for machining with EDM since the surface quality can
be improved to the desired extent and mechanical and thermal
deteriorations do not occur in the material during EDM.
Experimental design and analysis methods based on
mathematical models are frequently used when performing
optimization studies in EDM. Muthuramalingam and Mohan
(2013) machined AISI 202 stainless steel to investigate the ef-
fect of discharge current, gap voltage, and duty factor in EDM.
They performed the experiments with the L27 orthogonal array
choosing the full factorial Taguchi design [15]. Majumder (2013)
aimed to improve the prediction of AISI 316LN stainless steel
with EDM using fuzzy logic and particle swarm optimization.
Pulse current, pulse-on time, and pulse-off time were input
parameters; MRR and EWR were outputs [16]. Sharif et al.
(2015) machined 316L stainless steel with die-sinking EDM
using current, voltage, pulse-on time, and pulse-off time param-
eters. After machining, the results of MRR, electrode wear rate
(EWR), SR, and dimensional accuracy (DA) were analysed with
a mathematical model and ANOVA (analysis of variance) [17].
Rao et al. (2021) machined AISI D2 steel with EDM using
pulse-on time, voltage, and peak current parameters according
to Taguchi L9 orthogonal array. Output responses were MRR,
TWR, and SR. ANOVA and Technique for Order of Preference
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by Similar to Ideal Solution (TOPSIS) analyses were per-
formed to calculate the ideal parameters required for machining
AISI D2 steel [18].

Taguchi experimental design is a method that allows con-
ducting studies with less experimentation and low cost [19-25].
However, when analyses are made with the Taguchi experimental
design, the effects of parameters on outputs are investigated
separately. The highest S/N ratio for each parameter is the
optimum level of that parameter. However, a level that is best
for one output may be the worst level for another output [26].
However, in industrial manufacturing processes, manufacturing
is not usually made for a single output. There are many different
methods for multi-objective optimization studies [27-31].

Grey relational analysis (GRA) is a frequently used method
for optimizing multiple outputs in machining studies. Saedon
et al. (2014) machined the titanium alloy with the WEDM
method. They carried out multi-objective optimization studies
aiming for minimum surface roughness, high cutting speed,
and material removal rate with Taguchi-based grey relational
analysis [32]. Sarikaya et al. (2015a) machined AIST 1050 steel
by milling and carried out multi-optimization studies of vibra-
tion signals, cutting force, and surface roughness parameters.
[33]. Sarikaya et al. (2015b) machined cobalt-base superalloy
Haynes 25, a difficult-to-cut material using Taguchi-based grey
relational analysis. They investigated the effect of cutting fluid,
fluid flow rate, and cutting speed parameters using Taguchi L9
orthogonal array and obtained optimum multi-response optimi-
zation results. [34]. Banh et al. (2017) machined CT3 steel with
EDM using titanium powder. They conducted multi-objective
optimization studies by investigating the material removal rate,
tool wear rate, surface roughness, and microhardness outputs
with Taguchi and GRA. [35]. Zerti et al. (2018) processed AISI
D3 steel/mixed ceramic material by Taguchi L18 experimental
design and performed multi-optimization studies with GRA. The
effective process parameters were determined by ANOVA [36].
Uzun (2019) processed vermicular graphite cast iron material by
milling, which was austempered at two different temperatures
and in three different times. The effects of tool wear, cutting
forces, and surface roughness parameters were investigated with
the Taguchi experimental design. The most suitable experiment
was found by multi-optimizing the results of tool wear, cutting
force, and surface roughness. The effective parameters in pro-
cessing were found with the help of ANOVA [37]. Jeyaprakash
et al. (2020), who processed carbon fiber reinforced polymer
material by micro-drilling method, investigated the effect of
cutting speed and feed rate on entrance diameter, exit diameter,
entrance circularity, and taper angle. Optimum levels were found
by Taguchi-based GRA and effective parameters were found by
ANOVA [38]. Gugulothu et al. (2020) examined Ti-6Al-4V al-
loy with multiple responses using grey relational analysis. The
responses were material removal rate (MRR), surface roughness
(Ra), and recast layer thickness (RLT), whereas process param-
eters were discharge current, pulse on time, pulse off time, and
graphite powder concentration (g/l). The best machining level
was found with Taguchi-based GRA and the effective parameters

were found with the help of ANOVA. [39]. Phan et al. (2020)
machined SKD 11 high-chromium tool steel with EDM and
made multi-objective optimization with Taguchi-based GRA.
The parameter level and optimum machining parameters that
give the best results for MRR, SR, microhardness, and average
white layer thickness outputs were found [40]. Kajendiraku-
mar et al. (2021) machined D3 tool steel with EDM using the
GRA multi-objective optimization method. They determined
the best experimental result and the order of contribution of
the parameters [41]. Kalyanakumar et al. (2021) investigated
multi-mode machining parameters of EN24T lathe based on
GRA. The experimental design was made according to Taguchi
L9 orthogonal array. The effective parameters and contribution
rank of the parameters were determined by Taguchi analysis
and ANOVA [42].

The best machining parameters for 17-4 PH stainless steel
were determined by multi-objective optimization of surface
roughness (Ra), material removal rate (MRR) and electrode
wear rate (EWR). Thus, multiple performance optimization
studies were carried out for the 17-4 PH SS which is frequently
used in the industry. In addition, in the studies conducted for
EDM optimization in the literature, the surface condition after
machining is not investigated. This situation poses a problem
due to the importance of the usage areas of the material. In this
study, the state of the machining surfaces of the best and optimal
GRG samples was investigated in detail by XRD, SEM, and
EDX analysis. Thus, besides machining optimization, the surface
condition after machining was also examined and the necessary
information was obtained for the use of 17-4 PH stainless steel
during and after processing.

2. Experimental
2.1. Material and machining conditions

The chemical composition and XRF results of the 17-4 PH
stainless steel material used in EDM studies are given in TA-
BLE 1 and TABLE 2, respectively. As the tool material, wt 0.1%
zirconium and wt 1% chromium alloy copper electrodes, which
are more durable than pure copper, were used. The EDM setup
where the machining is performed is shown in Fig. 1.

TABLE 1
Chemical composition of 17-4 PH stainless steel (wt. %)
C |(Mn | Si P S Cr | Ni | Cu |Nb+Ta Fe
15.0( 3.0 | 3.0 | 0.15
0.07{1.00|1.00 | 0.040 | 0.030 1750 50 1 50 | 045 Balance
TABLE 2
XRF analysis of 17-4 PH stainless steel (wt. %)
Mn Si P Cr Ni Cu Nb+Ta Fe
045 | 043 | 0.03 | 1572 | 453 | 3.11 0.29 Balance




Fig. 1. a) EDM setup, b) sample fixed to the bench

The surfaces of the samples were cleaned with sanding
and polishing processes, reducing the effect of surface rough-
ness before machining. The surface of the copper electrode was
also polished so that the machining on the workpiece surface
was smooth. The samples and copper electrodes were weighed
before and after machining, and MRR and EWR calculations
were made using Equation (1) and Equation (2) after machining.
Hydrocarbon oil was used as the dielectric fluid. Each sample
was machined for 30 minutes so that the MRR and SR (Ra) values
in the samples could be measured at the same standards and the
machining time would not affect the machining [43].

MRsz (1
w,-Ww
EWR=—¢_"¢e2 )

t

The pre-and post-machining weights of the sample and the
electrode are Wy and W, and W, and ,,, respectively. t is the
machining time. Surface roughness values were measured by tak-
ing the average roughness (Ra) measurements from 10 regions on
the surface of each sample with an optical profilometer (Fig. 2).

Fig. 2. Optical profilometer device with a sample

2.2. Taguchi Experimental Design

The Taguchi experimental design which is created by
selecting the L9 orthogonal array for four parameters and three
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levels is given in TABLE 3 and TABLE 4, respectively. Current,
pulse-on time (7;,,), pulse-off time (), and voltage parameters
to be used in the experimental design are the parameters that are
frequently used and affect the machining the most [11-13,44].

TABLE 3
Machining parameters and levels
Machining Parameters | Symbol | Level1 | Level2 | Level 3
Current (A) A 7 12 22
Pulse-on Time (pus) B 12 25 50
Pulse-off Time (us) C 12 25 50
Voltage (V) D 40 60 100
TABLE 4
Ly Taguchi experimental design
Exp. No. | L9 Orthogonal Array Design | A B C D
1 1 1 1 1 7 12 12 | 40
2 1 2 2 2 7 25 25 60
3 1 3 3 3 7 50 | 50 | 100
4 2 1 2 3 12 12 | 25 | 100
5 2 2 3 1 12 | 25 50 | 40
6 2 3 1 2 12 | 50 12 60
7 3 1 3 2 22 12 50 | 60
8 3 2 1 3 22 | 25 12 | 100
9 3 3 2 1 22 | 50 | 25 40

In Taguchi-based grey relational analysis, S/N ratios corre-
sponding to output results are found first. The “higher the better”
for MRR and “lower the better” for (Ra) and EWR are calculated
with the help of Equation (3) and Equation (4), respectively.

S _iolo li 2 3)
v g 2.7
S 121
= =—10log—Y — 4
v gﬂ;yz 4)

2.3. Grey Relational Analysis

In the grey relational analysis, S/N ratios are first normali-
zed between zero and one. The results are normalized using
“higher the better” (Eq. 5) for MRR and “smaller the better”
(Eq. 6) for EWR and Ra.

x(p)= x? (p)—minle (p)

= 5
max X/ (p)-min X} (p) ®

. _ maxX,-O(p)_Xz‘o(p)
1(p) max X0 (p)—min X° (p)

(6)

X, (p) is the normalized value calculated by transforming. X,’(p)
is the response value of aforementioned experiment number.
max X,»O(p) and min X,»O(p) are the maximum and minimum values
observed in the experiments. By subtracting the normalized
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values from 1, deviation sequence (DS) values are found. Then,
the grey relational coefficients (GRC) of each parameter are cal-
culated using Equation 7. The value of & is chosen between 0-1.
Usually, a value of 0.5 is a suitable value.

Amin +§Amax
(p)=—tin 7
é (p) AOi (p)+ gAmax ( )
Ay (P)=|X, (P)- %, () (8)

Aoi(p) is the difference of the absolute value between X,(p)
and X;(p). Apin and A, are, respectively, the minimum and
maximum values of the absolute differences of sequences. Grey
relational grade (GRG) values are calculated using Equation 9.
from the GRC values according to the number of parameters.

Vi =lZ§i(P) )

3. Results and Discussions
3.1. Grey relational analysis results

Surface roughness (Ra), electrode wear rate (EWR), and ma-
terial removal rates (MRR) normalized values between 0 and 1 are
given in TABLE 5, and deviation sequence, grey relational coef-
ficient (GRC), and grey relational grade (GRG) values are given
in TABLE 6. As can be seen from TABLE 5, MRR increased as

current and pulse-on time increased and pulse-off time and volt-
age decreased. This is because as the current and 7, increase,
the sparks between the tool and the workpiece increase and the
discharge time increases. As current and 7,,, increased, surface
roughness (Ra) also increased. This is because larger pieces of
material break off with high and prolonged current discharges.
In this case, pits and hills increase on the surface and a rougher
structure is formed. EWR increased as the current increased. As
the voltage decreased, visible spark increases occurred during
machining. This suggests that the tool material erodes more as
the voltage decreases.

0,70
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GRG
°

0,55
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]
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0o 1 2 3 4 5 6 7 8 9 10
Experimental Number

Fig. 3. GRG vs. experimental number

TABLE 5
Experimental and S/N results
Exp. No. | SR-Ra (um) | S/NSR | EWR (mg/min) | S/NEWR | MRR (mg/min) | S/N MRR Nor SR Nor EWR | Nor MRR
1 2.126 —6.549 1.067 —0.561 11.824 21.455 1.000 0.763 0.061
2 2.522 —8.036 0.400 7.959 22.223 26.936 0.752 0.981 0.274
3 3.050 —9.686 0.367 8.714 9.854 19.872 0.476 1.000 0.000
4 2.773 —8.860 7.800 —17.842 15.101 23.580 0.614 0.321 0.144
5 3.577 —-11.070 11.467 —21.189 90.906 39.172 0.244 0.235 0.748
6 4.182 —12.428 4.500 —13.064 154.264 43.765 0.017 0.443 0.926
7 2.744 —8.769 33.033 -30.379 51.022 34.155 0.629 0.000 0.554
8 3.543 —10.988 17.600 -24.910 72.047 37.152 0.258 0.140 0.670
9 4.232 —12.531 24.667 —27.842 192.051 45.668 0.000 0.065 1.000
TABLE 6
Grey relational results
Exp. No. DS SR DS EWR DS MRR GRC SR GRC EWR GRC MRR GRG Rank
1 0.000 0.237 0.939 1.000 0.678 0.348 0.675 2
2 0.248 0.019 0.726 0.668 0.963 0.408 0.680 1
3 0.524 0.000 1.000 0.488 1.000 0.333 0.607 3
4 0.386 0.679 0.856 0.564 0.424 0.369 0.452 9
5 0.756 0.765 0.252 0.398 0.395 0.665 0.486 6
6 0.983 0.557 0.074 0.337 0.473 0.871 0.561 5
7 0.371 1.000 0.446 0.574 0.333 0.528 0.479 7
8 0.742 0.860 0.330 0.403 0.368 0.602 0.457 8
9 1.000 0.935 0.000 0.333 0.348 1.000 0.561 4




As can be seen in TABLE 6 and Fig. 3, the experiment level
that gives the best results is A1B2C2D2 and the first three ex-
periments with low Ra and EWR have the best ranking, although
their MRR values are low. This is because EWR and Ra give good
results at lower current values. Thus, the first three experiments
with the lowest current yielded the optimum multiple test outputs.
The ninth experiment with the highest MRR was the fourth best
result due to the high Ra and EWR.

By performing the Taguchi analysis with GRG values, mean
GRG values corresponding to each level of each parameter were
found and given in the response table in TABLE 7. In Fig. 4, mean
GRG values corresponding to the levels of machining parameters
are given. The highest GRG value is the optimal level. As can
be seen in TABLE 7 and Fig. 4, the parameters that most affect
multiple machining outputs are current and voltage. The impact
of 7,,, and T, on the other hand, is limited but cannot be ignored.

865

multiple GRG result. As can be seen from TABLE 8, although
the outputs of the samples machined in optimum parameters
do not give the best results in any parameter, the best overall
GRG result is obtained. The predicted and experimental GRG
values show very close values. There is a tiny difference (0.005)
between the predicted and experimental GRG values. A better
GRG result than the best GRG result of the initial experiments
was found in the machining condition at optimal machining
parameters. As a result, it was determined that the optimum
machining parameters improved the multiple machining outputs
and increased the GRG value significantly.

p

7predicted = 7,,,2(71 _7’”)
i=1

(10)

Vpredicted 18 the GRG value of the estimated optimal processing
parameters. y,, is the total mean of the GRG. y; is the mean GRG
value at the optimal level of the parameters.

TABLE 7
Response Table for Means TABLE 8
Level Current T, T, Voltage Optimal predict and experimental results
1 0.6540 0.5354 0.5644 0.5740 Outputs Greatest GRG Prediction Experimental
2 0.4997 0.5411 0.5641 0.5729 P A1B2C2D2 A1B3C1D1 A1B3C1D1
3 0.4989 0.5761 0.5240 0.5056 SR 2.522 — 2.712
Delta 0.1551 0.0407 0.0405 0.0684 EWR 0.40 — 0.43
Rank 1 3 4 ) MRR 22.223 — 108.866
GRG 0.680 0.716 0.721
Main Effects Plot for Means . .
Data Means 3.3. ANOVA (Analysis of Variance)
Current Ton | Toff Voltage
066
- X Analysis of variance (ANOVA) was performed using the
- pooling method, and the 7, parameter, which was the least af-
. fecting parameter, was excluded from the analysis. The values
3 e corresponding to the error were counted as the 7, value, which
c e \ d — is the pooled parameter. The ANOVA results given in TABLE 9
3 1056 7 \\ \ gave similar results to the Taguchi analysis. The parameters
o —" X \ that contribute most to the machining are current and voltage,
0s2 * \ respectively. The contribution of current to machining was cal-
0so ° culated as 56.22%, and the effect of voltage as 22.40%. In order
7 12 22 12 25 50 12 25 50 40 60 100

Fig. 4. GRA mean plot

3.2. Predict and optimization results

The best level of each parameter was selected from TA-
BLE 7. and Fig. 4 to determine the optimum machining pa-
rameters. The higher the GRG value is, the better the obtained
multiple machining results are. The predicted GRG result was
calculated with the help of Equation (10). Therefore, the opti-
mum machining parameters were determined as A1B3C1D1 for
multiple output optimization. Machining studies were performed
atlevel 1 (7A) for current, level 3 (50 us) for 7, level 1 (12 pus)
for 7,5, and level 1 (40 V) for voltage and compared with the best

to understand whether the parameters are effective, the p-value
must be below 0.05. The fact that the p-value of the current,
which is the most significant parameter in machining, is 0.023
explains this situation.

TABLE 9
ANOVA results for GRG (%95 confidence level)

Source | DF Sum of Means F- P- Percentage
Squares | Square | Value | Value (%)
Current | 2 | 0.040311 | 0.020155 | 42.32 | 0.023 56.22
1, 2 | 0.014381 | 0.007191 | 15.10 | 0.062 20.06
_Taff* 2 1 0.000953 | 0.000476 | — — 1.33
Voltage | 2 | 0.016058 | 0.008029 | 16.86 | 0.056 22.40
Total 8 |0.071703

*: Pooled Parameter

R-square = %98.67
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According to the results obtained from ANOVA and the
Taguchi analysis, the effect of current and voltage, which are
the two parameters that most affect multiple machining outputs,
on GRG is shown in Fig. 5. It is clearly seen that the GRG
value increases as the voltage and current decrease. As the cur-
rent increased to 22A, some GRG increase was seen due to the
increase in MRR.

Contour Plot of GRG vs Voltage; Current

GRG
< 050
M 050 - 055
W oss - 060
W 050 - 085
| | > 065

.

8 0 2 " % 3 20 22

Current

Fig. 5. GRG vs. voltage and current contour plot

3.4. XRD and SEM Analysis

XRD results of the best GRG (A1B2C2D2) and optimal
sample (A1B3C1D1) are given in Fig. 6. Peaks are seen in
both samples at the same 26 scanning angles. It is understood
that the change in machining parameters does not cause any
phase transformation on the machining surfaces. It is thought
that the difference in the sizes of the peaks is due to the growth
and increase of the crystallite sizes of the phases formed on the
machining surface.

SEM images of the sample with the best GRG value and
the sample machined in optimal parameters are given in Fig. 7.
Very small and capillary microcracks are seen on the surface of
the machined sample at the best GRG value (Fig. 7a). Due to
the very low material removal, the surface is relatively smooth.

= | ——Best GRG |
o
h
Z
=
- =
- o
A\ o
e

Intensity (a.u.)

(110)M

(111)y

(200)y

211)M
(220)M

30 40 50 60 70 80 90 100 110
20 (degree)
Fig. 6. XRD results of best GRG and optimal samples

The average surface roughness value (2.522 um) of this experi-
ment also explains this situation. Craters, few and small recast
regions are seen in the SEM image of the sample machined at
optimal parameters (Fig. 7b). This is due to the increase in elec-
trical discharges applied to the workpiece and sparking between
the workpiece and the tool as a result of the increase in 7,,, and
decrease in voltage. As a result, a very significant increase in
MRR was seen in the optimal machining sample. Along with
well-machined areas on the surface, some areas that partially
increased the roughness were observed. This resulted in a partial
increase in surface roughness (2.712 pm).

Craters

Fig. 7. (a) SEM images of the best GRG, (b) machined at optimal parameters



Elemental composition on the machining surfaces was
determined by EDX analysis. Since light elements such as car-
bon (C) and oxygen (O) have lower photon energy than heavy
elements, EDX analysis may not give very accurate numerical
values for light elements. However, it can be used for compari-
son to determine the effect of different parameters [45]. EDX
results of Best GRG and optimal machining parameters are given
in TABLE 10 and energy levels are given in Fig. 8. As can be
seen from the analysis results, the “Fe” ratio increases and the
“C” ratio decreases on optimal machined surface. As the 7,
increases, the “Fe” ratio increases and the “C” ratio decreases,
as it provided more machining and did not allow the carbon to
adhere to the surface. Oxygen was also found on the surface.
This is thought to be due to the oxidation that occurs during
resolidification of the debris [46,47].

TABLE 10

EDX analysis results of best GRG and optimal machined
samples (wt. %)

Sample Fe C Cr Ni Cu Si (0}
Best 58.31 | 19.03 | 14.62 | 2.88 | 2.30 | 0.36 | 2.50
Optimal | 62.51 | 13.40 | 15.74 | 3.06 | 2.45 | 046 | 2.38

387K}

344

3.01K}

2.58K

215K

172K}

1.29K}

043K

000%o 13 26 39 52 65 78 91 104 117 130

Lsec: 247 277 Cnts 1.750 keV Det: Octane Elect Super

470K

423K e

3.76K]

(b)

0 13 26 39 52 65 78 91 104 17 130

047K

0005

Lsec: 245

219Cnts

1.750 keV Det: Octane Elect Super

Fig. 8. (a) EDX graph of the best GRG, (b) machined at optimal pa-
rameters

4. Conclusions

In the present study, 17-4 PH stainless steel material was
machined by EDM and GRA studies were carried out with the
help of the Taguchi orthogonal array. Multiple performance
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characteristics of MRR, Ra, and EWR outputs were investigated.
Optimization studies were carried out by predicting optimal
machining levels and calculating experimental GRGs. The
characterization studies of best GRG and optimal machined
samples were carried out and their surface conditions after
machining were investigated. The best multiple machining rank
was determined. According to GRA, the best multiple machin-
ing outputs were seen in the second experiment (A1B2C2D2).
By performing the Taguchi analysis, it was determined that the
parameters that affected the multiple machining output the most
were current and voltage, respectively. The optimal level of each
parameter was determined with the help of the Taguchi analysis.
Accordingly, the optimal results of multiple machining outputs
were found to be AIB3CI1DI. Predicted and experimental
results were obtained by performing optimal machining stud-
ies. A better GRG result than the best GRG result of the initial
experiments was found in the machining condition at optimal
machining parameters. Analysis of variance (ANOVA) studies
were conducted to determine the parameters and contribution
rates that most affected the machining. The most significant
parameters were current and voltage, respectively, as in the
Taguchi analysis. XRD results of the best GRG and optimal
samples showed that the change in machining parameters did
not cause phase transformation on the machining surface. SEM
images of the sample with the best GRG value and the optimal
machining sample were examined. Well-machined regions were
seen on the surface of the workpiece with the best GRG value.
On the other hand, deformations were detected in the optimal
machining sample which resulted from the increase in electri-
cal discharges between the tool and the workpiece and caused
arelatively increased roughness. The EDX results showed that as
the 7, increased, Fe increased and C decreased on the material
surface. In the future, optimization studies and characterization
studies will be carried out together and, in more detail, so that
the post-machining conditions of critical materials whose usage
areas are important will be better observed.
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