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Abstract

The key objective of this research study is to examine the performance of TiAISiN coated insert while performing dry machining
of AISI 420 martensitic stainless steel on quantified output responses. This paper seeks to optimize process parameters namely
speed, feed, and depth of cut during turning process, such as surface roughness, flank wear, and material removal rate simulta-
neously. TiAISiN thin film was coated on the carbide tool through high power impulses magnetron sputtering. To confirm the
existence of coated elements, SEM and XRD studies were performed. For coated and pure inserts, microhardness was measured,
whereas the TiAISiN coated tool possesses 43.34% higher than pure inserts. The dry machining was performed with three
process parameters, each in three phases. The experimentation was performed based on Taguchi’s design of experiments
(DoE). In this study, a Multi-Criteria decision making (MCDM) approach encompassing Data Envelopment Analysis based
Ranking Methodology (DEAR) with Taguchi’s design was applied. The multi-response performance index (MRPI) was calcu-
lated and their impact on the machining parameters was scientifically examined. The parameter combination of cutting speed:

240 m/min; feed rate: 0.20 mm/rev and depth of cut: 0.50 mm was observed to be the optimal input parameters.

Keywords AISI 420 steel - MRR - Surface roughness - Flank wear - DEAR - Multi-criteria decision making

1 Introduction

The best candidate for minimizing health and environmental
risks is machining without coolant or dry machining. Thus dry
machining has brought considerable attention to the develop-
ment of safe and clean environments among researchers and
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processing industries, as it eliminates the cutting fluid entirely.
A variety of benefits can be obtained by dry manufacturing,
including no emissions to the atmosphere, water and earth; no
work hazards; and considerable cost savings, as there is zero
fluid maintenance and disposal costs. However, high heat
generation and increased friction in dry cutting contributes
to high wear of cutting tool and builtup edge impacting the
machined surface finish. Therefore, efficient dry cutting in-
cludes steps to counterbalance the positive effects of lubri-
cants, such as optimal process parameter, application of coat-
ings, change in tool geometry and the tool material [1]. Owing
to better resistance in corrosion, AISI 420 stainless steel is
majorly utilized in aircraft, medical, and food storage indus-
tries. In addition to basic elements like iron, carbon, nickel, it
also contains 13 to 30% of chromium approximately [2]. Due
to their high ductility, poor thermal conductivity, superior
hardness factor, and larger friction coefficient, these steels
have major complications in cutting processes.

The characteristics of cut material have major impact on the
performance of machining process, which is typically referred
to as “machinability”. However, the surface feature is an
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essential criterion for assessing the efficiency of machine tools
and machined parts. Therefore, it is extremely necessary to
study the mechanical performance of machined components
to obtain the required surface quality [3].

Recently, many optimization models for surface roughness
were considered with processing factors, which helps to simu-
late and optimize the cutting process [4]. The examination of
surface roughness has been determined by various researchers
during dry machining operation of steel. El-Tamimi analyzed
AISI 420 stainless steel at numerous machining criteria by
adopting carbide cutting tools. The major prominent influences
were determined through mean effect and interaction plots [5].
The efficiency of wiper coated insert on hard turning of AISI

420 steel was examined through tool wear and surface quality
analysis [6].

However, TiAIN, AITiN, TiN hard coatings have been
utilized widely for cutting due to extensive mechanical prop-
erties [7-9], Generally, incorporation of Si onto TiAIN im-
proves thermal stability, tribological behavior and high-
temperature oxidation resistance of the coatings [10, 11].
These sorts of microstructure refine its grains and enhance
the coating hardness. The advanced features of TiAISiN con-
firm the cutting needs of Inconel 718 through severe work-
hardening and high cutting temperature [12].

The high-power impulse magnetron sputtering (HiPIMS) at-
tracts several researchers due to its higher level of ionization rate

Fig. 2 HiPIMS coating system
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Table 1 Deposition parameter Table 3 Machining parameters

S. No. Operating parameter Value Factors Unit Levels

1 Base pressure 2X 10> Pa 1 2 3

2 Pulse width 200 ps ] i

3 Frequency 50 Hy Cut':ilng speed (A) min 120 180 240
4 Bias voltage 400 V Fee rattef B) mm/rev 0.1 0.15 0.2
5 Supply voltage 950 V Depth of cut (C) mm 0.1 0.25 0.5
6 Pressure 0.8 Pa

of the target material [13]. This specific feature helps to monitor
the deposition process directly and deposit hard coatings with
improved density, enhanced crystallinity, and better adhesion
[14]. Moreover, HiPIMS-coating achieved homogeneity in thick-
ness even on complex tools, since the altered bias voltage deposits
large number of ions throughout the entire substrate surfaces and
obtain weak shadowing effect [15, 16]. Therefore, this technology
has tremendous prospective in the area of cutting tool inserts. In
general, machining process involves, multiple performance mea-
surement like tool wear, surface roughness, material removal rate
etc. These multiple responses majorly influence the selection of
process parameters. Hence, the conventional method employed
for optimizing single response seems to be in appropriate for
machining process, which measures more than one responses.
To overcome this problem and to achieve machining effective-
ness, multi-response optimization is required [17—19]. Therefore,
multi-response optimization algorithms such as weight assign-
ment method, Grey relational analysis (GRA), Technique for
Order of Preference by Similarity to Ideal Solution (TOPSIS),
Taguchi- Data Envelopment Analysis based Ranking
Methodology (DEAR) analysis have been used for optimizing
the process parameters [20-24]. RSM approach is used for devel-
opment of predictive modeling and the data representation in the
RSM technique is more tedious, which requires more experi-
ments [25].

However, weight assignment is very easy; the accuracy of
the forecast is not desirable. A complex approach is to identify
the grey distinct coefficient based on the existence of the pro-
cess constraint [26]. The artificial neural network (ANN)
based method, enhances the forecast accuracy. The numerical
complexity requires several steps for achieving the enhanced
prediction accuracy [27]. Machining performance can be
predicted through ANN, fuzzy logic, and machine learn-
ing algorithms [28]. The Taguchi-DEAR approach effec-
tively estimates the optimum combination of process
parameters [29, 30].

Table 2 Composition of the workpiece
Composition C Si Mn Cr Ni Mo P S
(Wt.%) 032 055 046 123 0.15 0.00 0.026 0.024

Though several optimization techniques are applied to op-
timize production process parameters, there still persist a high
level of expectation for identifying a simpler and efficient
multi-criteria decision making technique (MCDM). In con-
nection to the same, Taguchi — Data Envelopment Analysis
Ranking (DEAR) technique has proven to be efficient in terms
of simplest methodology and similar results in line with the
output values obtained from other optimization tools [29-31].
Several authors employed this technique to optimize multiple
responses during machining [29-31]. Since, the adoption of
Taguchi- DEAR technique for optimizing the machining pro-
cess parameters of AISI 420 steel is unexplored, this research
work filled the research gap by analysing the same by using
TiAISiIN coated WC insert.

AISI 420 stainless steel is majorly utilized in aircraft, med-
ical and food storage industries. The referred material is typ-
ically machined using WC tools. In addition, it is evident from
the research reports that the following coating materials name-
ly TiAIN, AITiN, TiN has proven substantial machining per-
formance. TiAISiN coating is developed by incorporation of
Si onto TiAIN. The former offers substantial increment in
thermal stability, tribological properties and high-
temperature oxidation resistance. The utilization of TiAISIN
coated inserts for machining AISI 420 steel is unexplored.
Hence, the suitability of TiAISiN coated inserts in machining
AISI 420 steel is experimentally investigated in this research
work. Moreover, the research study also extended in
employing a simplified optimizing tool namely Taguchi-

Table 4 Ly OA design
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Fig. 3 DEAR approach
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DEAR technique for achieving appropriate machining process
parameters in an efficient manner.

The aim of this research work is to employ Taguchi-DEAR
analysis inorder to create an optimization model for multiple
responses while machining AISI 420 martensitic stainless
steel. The primary goal of this paper is to assist users of
AISI 420 steel in obtaining the best process conditions for
their application. The following objectives were defined in
this research work to meet the targets:

elemental analysis was determined through X-Ray Diffraction
Analysis (XRD). Hardness of coated and uncoated insert was
measured. Machining experiments were conducted based on
designed Taguchi’s Ly orthogonal array (OA) with three input
and three output parametes. The output responses like SR,
TW, and MRR were measured for each experiment. After
finding all the responses, MCDM was performed by adopting
Taguchi-DEAR analysis. The results of optimization has been
validated through confirmation experiment.
1. To develop Titanium Aluminum Silicon Nitride 2.1 Coating Deposition
(TiAISIN) hard coating material on tool insert.
2. To identify optimal cutting conditions for dry turning of
AISI 420 steel by adopting Taguchi-DEAR analysis (cut-
ting speed, cutting depth and feed speed).

The thin film TiAISiN coating was accomplished on the sur-
face of uncoated tungsten carbide turning tool inserts through
commercially available HiPIMS apparatus as depicted in
Fig. 2 [12]. The operating conditions were listed in Table 1.
To achieve high degree of cleanliness, all the uncoated inserts
were mechanically polished and cleaned ultrasonically before
deposition. Again, the substrates (tools) were cleaned for
30 min through glow discharge operating at 1000 V substrate

2 Experimental Details

The overall work plan of this research work is depicted in
Fig. 1. Initially, the cutting tool insert was coated with
TiAlISiN thin flim using commercially available HIPIMS ap-
paratus. The layer thickness of coated insert was measured
through Field Emission Scanning Microscope (FESEM) and

bias voltage and 1.5 Pa argon pressure.

The mixture of high purity argon and nitrogen gases
(99.99%) was used and the temperature was sustained at
150° C throughout the deposition process. The deposition
chamber was equipped with 99.99% purified TiAISiN (Ti:

Fig. 4 Cross-sectional FESEM
morphology
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0.64, Al: 0.3, Si: 0.06) substrates, which are in rectangular
shapes and mounted on the inner walls of the deposition
chamber. To enhance the adhesion between coating and sub-
strate, nitrogen ion implantation was utilized before the depo-
sition of TiAISiN thin film. The substrate holder was subject-
ed to continuous rotation between sputtering targets through
stepper motor. Thin-film TiAISiN layer was sputter-coated by
maintaining the process parameter mentioned in Table 1 [12].

2.2 Characterization of the Coated Insert

TiAISiN thin film coatings were characterized through series
of systematic techniques. Cross-sectional coating thickness
was characterized using FESEM (make: Carl Zeiss EVO60).
The existence of coating materials has been confirmed using
XRD analysis (make: ‘X’ Pert Pro, Panalytical, Netherlands).
Vickers microhardness tester was employed to measure the
microhardness of the tools before and after the coating. An
average of four measurements was reported.

2.3 Workpiece and Process Parameters

Martensitic AISI 420 stainless steel has been used as the work-
piece material for this research study. The elemental composition
of AISI 420 martensitic stainless steel is depicted in Table 2.

From the previous studies, significant process parameters
such as cutting speed, feed rate, and depth of cut were selected
for machining AISI 420 martensitic stainless steel as listed in
Table 3. Workpiece with 40 mm diameter and 95 mm length
was used for dry turning experimentation.

2.4 Selection of Output Measures

The quality of machining can be determined by machining
features such as tool wear (TW), surface roughness (SR),
and material removal rate (MRR). Hence, these parameters
have been selected as the output performance measures in this
present work. Tool wear has been computed using profile
projector. The average of three values was reported to evade
the experimental errors. The average centre line surface
roughness for the machined workpiece has been mea-
sured through the Mitutoyo surface roughness tester
with a measuring speed of 0.5 mm/s. The difference
in weight of workpiece before and after machining
was employed to calculate MRR in g/min.

2.5 Orthogonal Array

The present work considers three input parameters such as
cutting speed, feed rate, and depth of cut, and hence, Ly OA
was employed by adopting the Taguchi DoE as listed in
Table 4, which depicts the choice of parameters at dif-
ferent levels.

Intensity (a.u.)

|
|
|
wC
1 Substrate

20 30 40 50 60 70 80
20 (Degree)
Fig. 5 XRD analysis of TiAISiN coated tool

2.6 DEAR: Data Envelopment Analysis Based Ranking
Methodology

In the DEAR analysis, measured initial responses are assigned
to a ratio called MRPI, which is employed to determine the
optimal set of parameters [30]. The systematic procedure for
the DEAR approach is depicted in Fig. 3.

1. Estimate weight for individual responses: The re-
sponse weight is the ratio of responses at any run to
the summation of the responses of all tests performed
[29]. Weights are computed through the equations as
described below

1/T
W = 5 1/ /;VW Smaller the better (1)
1/SR
Wsg = Zl/ /SR Smaller the better (2)
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Fig. 6 Hardness of coated and uncoated tool
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Table 5 Experimental data

Run order Cutting speed Feed Depth of cut SR MRR ™
pm g/min mm
1 120 (A1) 0.10 (B1) 0.10 (C1) 0.528 0.2275 0.0170
2 120 (A1) 0.15 (B2) 0.25 (C2) 0.708 0.6550 0.0230
3 120 (A1) 0.20 (B3) 0.50 (C3) 1317 13175 0.0110
4 180 (A2) 0.10 (B1) 0.25 (C2) 0339 0.6600 0.0120
5 180 (A2) 0.15 (B2) 0.50 (C3) 0.457 1.0275 0.0160
6 180 (A2) 0.20 (B3) 0.10 (C1) 0.511 0.5625 0.0100
7 240 (A3) 0.10 (B1) 0.50 (C3) 0.505 1.4975 0.0130
8 240 (A3) 0.15 (B2) 0.10 (C1) 0319 0.5225 0.0160
9 240 (A3) 0.20 (B3) 0.25 (C2) 0.587 1.3150 0.0180
M
Wrr = ZA;lIlleR Larger the better (3) MRPI = (T +5) (7)
The tool wear and surface roughness have been minimized
and MRR has been maximized for optimization. Hence, the 2.7 Taguchi Analysis

reciprocal of tool wear and surface roughness was considered
for weight calculation [29].

2. Compute the product of each response and its weight for
generating weighted data from the below equations

T = WTW*TW (4)
S = Wsg*SR (5)
M = Wyrp *MRR (6)

3. Determine the ratio of ‘higher the best response’ (MRR)
to the summation of all ‘lower the best responses’ (SR and
TW), which denotes MRPI

Fig. 7 Machined samples

@ Springer

By adopting DEAR analysis, multiple responses have been con-
verted into single response called MRPI. The computed MRPI
values were reflected as the single response and optimized using
Taguchi’s DoE. A higher signal-to-noise ratio (S/N) for MRPI is
preferred for the best optimal solution and hence, the larger the
better criteria is selected to calculate the S/N.

%ratio =—10 log¥.(1/y?)/n (8)

The highest S/N represents the best optimal solution for
every input parameter [32].

Fig.8 Chip morphology: a experiment 2; b experiment 5; ¢ experiment 9
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Fig. 9 Thermal image for experiment 9

3 Results and Discussion
3.1 Microstructure of Coated Tool

The surface morphology and cross-sectional SEM image
confirms the presence of TiAlSiN coating as depicted in
Fig. 4. TiAISiN layer structure could be identified clear-
ly, which confirms the nano-composite structure (nc-
TizAIN/a-SisN4) as observed by few researchers [12].
The average cross-sectional thickness of the coated layer
was found to be 2.246 um.

Fig. 10 S/N ratio plot for SR

Mean of SN ratios

120

Cutting speed

Table 6 Response table for S/N ratio of SR

Level Cutting speed Feed rate Depth of cut
1 2.052 6.959 7.101

2 7.343 6.575 5.674

3 6.829 2.689 3.448

Delta 5.291 4.270 3.653

Rank 1 2 3

3.2 Elemental Analysis

Figure 5 demonstrates the XRD pattern of deposited TiAISiN
coating and uncoated WC insert. According to Fig. 5, WC
(JCPDF No.: 89-2727), TizAIN (JCPDF No.: 37-1140),
Si3N4 (JCPDF No.: 51-1334), and TiN (JCPDF No.: 87—
0631) from ICCD card are matching with these preference
orientations. It was also observed that no AIN segments
existed in the XRD pattern because of high Ti-Al ratios, which
suggested that the Al element probably exists as a compound
of Ti;AIN with a crystal structure similar to NaCl [33].
Figure 5 describes (111), (200), (220) of TiN and Ti;AIN
planes [12].

3.3 Hardness of the Coated Tool

The average hardness of the TiAISiN coated tool was mea-
sured as 33.7 GPa, whereas the uncoated tool possesses
19.1 GPa and the same has been portrayed in Fig. 6. The
microhardness of the coated tool was 43.34% higher than
uncoated tool. TiAISIN coatings possess enhanced mechani-
cal properties than uncoated tools owing to the addition of Si,
which constitutes the crystalline phase of nanocomposite

Main Effects Plot for SN ratios

SR
Data Means
Feed rate Depth of cut
180 240 0.10 0.15 0.20 0.10 0.25 0.50

Signal-to-noise: Smaller is better
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Table 7  Analysis of variance for SR Table 8 Response table for S/N ratio of TW
Source DF AdjSS AdjMS F- p value % Contribution Level Cutting speed Feed rate Depth of cut
Value
1 35.78 37.18 37.10

Cutting 2 0.31861 0.15931 11.54 0.008 46.43 2 38.11 34.87 35.36

speed
Feed 2 021857 010929 792 0032 3187 3 36.18 38.02 37.60

rate Delta 2.34 3.16 2.24
Depth 2 0.14894 0.07447 539  0.046 21.69 Rank 2 1 3

of cut
Error 2 0.02761 0.01381
Total 8 0.71373

Ti;AIN. It was draped in the amorphous phase of a-Si;N,4 at
the nanometer level [10, 11]. This form of crystal structure can
refine TiAIN grains and strengthen the hardness of coatings
owing to the effect of hall patch [34, 35].

3.4 Dry Machining of AISI 420 Martensitic Stainless
Steel

The dry turning operations have been performed based on Ly
OA on AISI 420 martensitic stainless steel. Table 5 depicts the
experimental findings for all 9 experiments. Figure 7 shows
the images of machined samples.

The morphology of collected chips from machining are
presented in Fig. 8. The study of chip characteristics exhibits
the transformation of chip color from golden to blue burnt
through the entire duration of machining. It is disclosed that
the rise in machining temperature was higher, which was dis-
tinctly observed from the experiments with higher tool wear as
portrayed in Fig. 8a, c. The thermal image for experiment 9
captured through infrared thermal imager is depicted in Fig. 9.
The color of the chips transformed into blue burnt owing to
the increase in cutting temperature. This phenomenon leads to

Fig. 11 S/N ratio plot for TW
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excessive tool wear. Golden color helical chip was produced
till the machining duration of 3 min. Color of the chip hastily
varied to blue and burnt blue while machining for 10 min as
shown in Fig. 8c. The burnt blue color represents the inordi-
nate temperature generated in machining (50.8 °C) as depicted
in Fig. 9. It led to rapid deterioration of cutting edge and
sharpness of tool [36].

3.5 Single Response Optimization of Individual
Responses

The individual responses such as SR, MRR, and TW were
analyzed separately through the Taguchi’s S/N. For SR and
TW ‘smaller the better’ and for MRR ‘larger the better’ char-
acteristics was applied to calculate the S/N ratio.

3.5.1 Effect of Process Parameter on Surface Roughness

As depicted in Fig. 10, cutting speed: 180 m/min; feed rate:
0.10 mm/rev and depth of cut: 0.10 mm were found to be the
best optimal parameter for SR. However, in order to predict
optimum values of performance characteristics, substantial
contributions of process parameters must be known.

Main Effects Plot for SN ratios
T™W
Data Means

Feed rate Depth of cut

. / \\\ /

180 240 010 015 020 010 025 050

Signal-to-noise: Smaller is better
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Table 9 Analysis of variance for

™W Source DF Adj SS Adj MS F- p value % Contribution
Value
Cutting speed 2 0.000034 0.000017 1.28 0.045 28.76
Feed rate 2 0.000056 0.000028 1.99 0.034 4471
Depth of cut 2 0.000030 0.000015 1.18 0.044 26.51
Error 2 0.000013 0.000002
Total 8 0.000133

The response table depicts the mean of S/N ratio for SR ata
particular level of a process parameter as listed in Table 6.
Cutting speed (Delta 5.291, Rank = 1) has the largest effect
on S/N ratio, followed by feed rate (Delta 4.270, Rank = 2),
and depth of cut (Delta 3.653, Rank =3).

From the results of ANOVA table, cutting speed has the
highest contribution (46.43%), whereas feed rate and depth of
cut showed 31.87% and 21.69% on surface roughness as
depicted in Table 7. Reduction in the feed rate and depth of
cut sharply reduced the surface roughness. The output re-
sponse was predicted at the optimal parameter setting (cutting
speed: 180 m/min; feed rate: 0.10 mm/rev and depth of cut:
0.10 mm) as 0.2694 um. The experiment has been conducted
at optimized setting and SR was found to be 0.2913 pum.

3.5.2 Effect of Process Parameter on Tool Wear

From Fig. 11, the best optimal parameter for TW was deter-
mined as cutting speed: 180 m/min; feed rate: 0.20 mm/rev
and depth of cut: 0.50 mm.

The response table provides the mean of S/N ratio for TW.
Feed rate significantly affects tool wear followed by cutting
speed and depth of cut as listed in Table 8.

Fig. 12 S/N ratio plot for MRR

Cutting speed

Mean of SN ratios

120

N /

From Table 9, it was found that feed rate was the highest
contributor to tool wear (44.71%) because it increases
the cutting temperature at cutting edge of a tool. The
higher temperature gradient in the cutting zone causes
tool to lose its strength [36]. Followed by feed rate,
cutting speed and depth of cut affects tool wear by
28.76% and 26.51%. The output response was predicted
at optimized setting (cutting speed: 180 m/min; feed
rate: 0.20 mm/rev; depth of cut: 0.50 mm) and it was
estamiated as 0.0952 mm. The experiment was conduct-
ed at optimized setting and TW was found to be
0.1013 mm.

3.5.3 Effect of Process Parameter on MRR

The best optimal parameter for MRR was portrayed in Fig. 12.
It was evaluated as cutting speed: 240 m/min; feed rate:
0.20 mm/rev and depth of cut: 0.50 mm. From the
response table for S/ N ratio of MRR, depth of cut
contributes majorly to MRR followed by cutting speed
and feed rate as portayed in Table 10. These findings
are in agreement with previous work [37].

From Table 11, it was found that depth of cut significantly
affects MRR by 69.89%. Increase in depth of cut

Main Effects Plot for SN ratios
MRR
Data Means

Feed rate Depth of cut

/ 7

180 240 010 015 020 010 025 050

Signal-to-noise: Larger is better
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Table 10 Response table for S/ N

ratio of MRR Level Cutting speed Feed rate Depth of cut
1 —4.71351 —4.32072 —7.83207
2 —2.79034 —3.02594 —1.63526
3 0.08253 —0.07467 2.04600
Delta 4.79604 424604 9.87806
Rank 2 3 1

predominantly increases MRR. Cutting speed and feed rate
nominally affects MRR by 17.95% and 12.14%. The output
response was predicted as 1.572 g/min mm at optimized set-
ting (cutting speed: 240 m/min; feed rate: 0.20 mm/rev and
depth of cut: 0.50 mm). The experiment was conducted at
optimized setting and MRR was found to be 1.528 g/min.

3.6 Multi-Criteria Decision Making for Turning Process
Using Taguchi-DEAR Analysis

To examine the combined influence of each input parameter
on multiple outputs and to determine the optimal process pa-
rameters for three responses, MRPI has been calculated
through DEAR approach. The MRPI of each experiment
was computed using Taguchi-DEAR technique for varying
configurations of input variables. Table 12 presents the asso-
ciated MRPI for input parameters at all stages. For the

respective level of each process variable, the parameters were
determined by combining all the MRPI levels. The maximal
level of any process parameter represents the optimum input
level, which in turn determines the output measures in any
process. Table 12 indicates the optimum combination of input
parameters for dry turning operation as follows: Speed:
240 m/min; feed: 0.20 mm/rev; cutting depth: 0.50 mm,
respectively.

The fluctuation of the response curve towards the horizon-
tal axis shows the significance of machinability of AISIT 420
martensitic stainless steel by TiAlSiN coated insert. It was
found that cutting depth had a greater effect on the measure-
ment of output performance. As depicted in Fig. 13, Speed:
240 m/min; feed: 0.20 mm/rev; depth of cut: 0.50 mm were
observed to be the best optimal parameter for MRPL.

Analysis of variance (ANOVA) was performed to examine
the influence of cutting parameters on the responses. The

Table 11 Analysis of variance for

MRR Source DF Adj SS Adj MS F- p value % contribution
Value

Cutting speed 2 0.27422 0.137108 34.21 0.028 17.95
Feed rate 2 0.18540 0.092700 23.13 0.041 12.14
Depth of cut 2 1.06743 0.533715 133.15 0.007 69.89
Error 2 0.00802 0.004008
Total 8 1.53507

Table 12 Calculation of MRPI
Exp. no. Weights MRPI

SR MRR ™

1 0.105340 0.029223 0.092778 0.11623
2 0.078559 0.084136 0.068575 0.96350
3 0.042232 0.169236 0.143385 3.89825
4 0.164070 0.084778 0.131436 0.97826
5 0.121706 0.131985 0.098577 2.37100
6 0.108845 0.072254 0.157723 0.71058
7 0.110138 0.192357 0.121325 5.03619
8 0.174357 0.067116 0.098577 0.61311
9 0.094753 0.168915 0.087624 3.88347
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Fig. 13 S/N ratio plot for MRPI
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percentage contribution (PC) of each parameter on the re-
sponses is calculated from analysis of variance as depicted
in Table 13. The depth of the cutting is 63.32% the most
prominent, followed by cutting speed which influences
22.26% and feed rate contributes by 13.39%. Furthermore,
all the three parameters (cutting speed, depth of cut and feed
rate) had statistical significance of 95% of the S / N ratios as

respective F-calculated values are higher than their F0.05-tab-
ulated standards. The p value for all the parameters is
less than 0.05, which indicates the physical significance
of the parameter. The regression for predicting MRPI is
given in Eq. 9. It was observed that the predicted MRPI
was maximum as compared to an average of all MRPI
values found through experimental data.

Table 13 Analysis of variance for MRPI
Source DF Adj SS Adj MS F- p Value PC
Value
Cutting speed 2 5.7269 2.8634 21.64 0.032 2226
Feed rate 2 3.4441 1.7221 13.02 0.048 13.39
Depth of cut 2 16.2880 8.1440 61.55 0.016 63.32
Error 2 0.2646 0.1323
Total 8 25.7236
DF Degree of freedom
Adj. SS Adjusted sums of squares
Adj. MS Adjusted mean squares
PC Percentage contribution
Table 14 Confirmation
experiment S.No. Process parameter Measured output
Parameter Value Parameter Value
1 Cutting speed 240 m/min Surface Roughness 0.347 um
Feedrate 0.2 mm/rev Tool Wear 0.0117 mm
Depth of cut 0.5 mm MRR 1.263 g/min
Predicted MRPI 4.975 MRPI for Confirmation Experiment 4.9153
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Fig. 14 Cutting chip at optimized setting

MRPI = -3.70 + 0.01265 Cutting speed
+ 7.87 Feed rate + 8.13 Depth of cut 9)

3.7 Confirmation Experiment

The validation study intends to confirm the optimal combination
of process parameters derived from the methodology. A

Fig. 15 Thermal image of confirmation experiment

@ Springer

validation experiment was performed in the present study
employing the optimum levels of key factors. The output re-
sponses from the validation experiment were detected as SR:
0.347 um; TW: 0.0117 mm; MRR: 1.263 g/min at the optimal
process parameter setting as listed in Table 14. MRPI for the
confirmation experiment was determined as 4.9153, which was
1.2% distinct from the predicted MRPI value. Hence, in the
current analysis, the optimum combination of process parameters
was validated satisfactorily with 98.8% prediction accuracy.

The chips produced during the confirmation experiment are
depicted in Fig. 14. It was revealed that machining at optimal
parameters results in the formation of golden and lighter color
chips, which was owing to lower cutting temperature (26.2 °C)
as portrayed in Fig. 15. It results in reduction of tool wear.

4 Conclusions

The machining performance of AISI 420 martensitic stainless
steel with TiAISiN hard coating was studied. The coating was
deposited effectively on the CNC turning insert through the
HiPIMS process. Coating thickness was estimated as
2.246 um. The coating elements like Ti, Al, Si, W, and C have
been confirmed by an XRD examination. The microhardness
of the TiAlSiN coated inserts exhibit high hardnesses of
33.7 GPa, which is 43.34% higher than the uncoated insert,
and it significantly reduces tool wear. DEAR has been used as
multi-criteria decision making technique to optimize the pa-
rameters for multiple responses. The results showed that cut-
ting speed of 240 m/min, the feedrate of 0.20 mm/rev, and
depth of cut of 0.50 mm were found as an optimal parameter
that minimizes TW, SR, and maximizese MRR. The results
from ANOVA showed that the depth of cut had major contri-
bution of 63.32% on MRPI followed by speed and feed of
22.26% and 13.39% respectively. The responses measured
from verification test were found to be surface roughness:
0.347 yum, flank wear: 0.0117 mm, and MRR: 1.263 g/min.
The relationship between predicted and experimental values
was solid. With 98.8% predicted accuracy, the proposed
Taguchi-DEAR model can predict output response accurately.

Nomenclature ANOVA, Analysis of variance; ANN, Atrtificial neural
network; DoE, Design of Experiemnts; DEAR, Data Envelopment
Analysis based Ranking Methodology; FESEM, Field Emission
Scanning Electron Microscope; GRA, Grey relational analysis;
HiPIMS, High power impulse magnetron sputtering; MRPI, Multi-re-
sponse performance index; MRR, Material removal rate; RSM,
Response surface methodology; S/N, Signal-to-noise ratio; SEM,
Scanning electron microscope; SR, Surface roughness; TOPSIS,
Technique for Order of Preference by Similarity to Ideal Solution; TW,
Tool wear; XRD, X-ray Diffraction Analysis
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