Operational Research in Engineering Sciences: Theory and Applications
Vol. 5, Issue 3, 2022, pp. 40-67 0 R ES‘T n
ISSN: 2620-1607 ] ‘

eISSN: 2620-1747
érosE DOLI: https://doi.org/10.31181/oresta110722105k

OPTIMIZATION OF WEAR PARAMETERS FOR DUPLEX-
TIALN COATED MDC-K TOOL STEEL USING FUZZY MCDM
TECHNIQUES

Sunil Kumar 12, Saikat Ranjan Maity '*, Lokeswar Patnaik 3

1 Department of Mechanical Engineering, National Institute of Technology Silchar, India
Z Department of Mechanical Engineering, Amrita School of Engineering, India
3 School of Mechanical Engineering, Sathyabama Institute of Science and Technology
(Deemed to be University), India

Received: 06 April 2022
Accepted: 07 July 2022
First online: 11 July 2022
Research paper

Abstract: The present work evaluates the effects of different tribological process
parameters on the measured responses such as hardness, coefficient of friction, surface
roughness, wear mass loss and wear depth of duplex-TiAIN coated MDC-K tool steel
material. The considered tribological process parameters are load, sliding velocity, and
sliding distance. A full factorial design with 27 experimental runs is employed and
based on the response values, an optimal combination of the tribological process
parameters is subsequently determined. Different multi-objective optimization
techniques, like overall evaluation criteria and fuzzy-based multi-criteria decision-
making methods (fuzzy evaluation based on distance from the average solution, fuzzy
technique for order of preference by similarity to ideal solution, and fuzzy complex
proportional assessment) are utilized to identify the optimal intermixes of the
considered tribological process parameters. Sensitivity analysis with respect to
changing weights of the responses is performed to validate the derived rankings of the
trials, whereas the results of analysis of variance revealed the most significant
parameters were influencing the responses. In addition to this, two different published
problems related to optimization of wear parameters were solved using the proposed
method to check its capability.

Keywords: MDC-K tool steel, Duplex-TiAIN coating, Fuzzy MCDM, Sensitivity analysis,
Optimization.

1. Introduction

MDC-K hot work tool steel contains a high percentage of chromium along with
tungsten, molybdenum, and vanadium, which substantially enhances its mechanical
and wear properties required for its application in the manufacturing of extrusion
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dies, die casting dies, hot stamping dies, and forging dies. Untreated tool steel is
commercially available with a hardness of ~22 HRC, constraining its application in
die manufacturing. Therefore, heat treatment of tool steel becomes mandatory using
different hardening processes to attain the desired levels of hardness and toughness.
These properties of tool steel mainly depend on its chemical composition, alloying
elements, and secondary carbides formation during the hardening processes (Joshy et
al. 2019, Kumar et al. 2021a, and Soleimany et al. 2019). The alloying elements can be
divided into two classes, i.e., one is responsible for carbide formation and the other is
accountable for changing the tempering kinetics during the heat treatment process
(Podgornik et al. 2018a and Podgornik et al. 2016b).

Further, the hardened tool steel requires surface modifications, such as nitriding
(gas nitriding, salt bath nitriding or plasma nitriding) and deposition of ceramic-
based hard coatings. Plasma nitriding has broader advantages over salt bath nitriding
and gas nitriding. It allows much closer control of the microstructure during nitriding
and is able to provide a surface without the formation of a compound layer. When
plasma nitriding is integrated with the physical vapor deposition (PVD) process, it is
known as duplex surface treatment. During plasma nitriding, nitrogen diffuses to the
surface and forms two different zones, i.e., the compound zone and diffusion zone.
The compound zone is made up of FesN and Fez-3N, whereas, the diffusion zone is
formed by diffused nitrogen atoms making the surface harder (Aghajani et al. 2017
and Kumar et al. 2020a, 2022a). In addition to the application on nitride surfaces,
ceramic coatings, such as TiN, CrN, TiAIN, TiCN, AICrN, CrAlN, etc. have widely been
employed in the manufacturing, tooling, and biomedical industries due to their high
resistance to wear, oxidation, corrosion, chemical stability and biocompatibility
(Chaliampalias et al. 2017, Prabhu et al. 2018, Kumar et al. 2020b, 2021b, 2022b,
2021c and Patnaik et al. 2021a, 2021b, 2021c, 2021d, 2020a, 2022). Many
researchers have observed excellent mechanical, wear, and corrosion properties of
TiAIN film coatings (Fu et al. 2019 and Ozkan et al. 2020). Various experimental
works have already been conducted to study the tribological, frictional, and wear
behaviors of TiAIN coated surfaces under different conditions of normal load, sliding
velocity, and sliding distance (Sen et al. 2020, Chowdhury et al. 2017, M’Saoubi et al.
2013, Kumar et al. 2021d, 2022c and Kuo et al. 2018). However, investigations to
study the influences of various tribological process parameters on the wear behavior
of TiAIN coated surfaces remain unexplored.

In addition to this, Saravanan et al. (2015 and 2016) and Patnaik et al. (2021e and
2021f) adopted the Box-Behnken experimental design plan (Lis orthogonal array)
and conducted 15 experiments to derive a suitable combination of process
parameters for TiN coated SS 316L steel. Out of those 15 experimental runs, one
experiment was repeated three times, resulting in performing only 13 actual
experiments. Similar studies have been performed by Kumar et al. (2022d & 2022e),
where Lis orthogonal array was adopted to perform the wear experiment for
CrN/TiAIN coating. According to the authors, the use of a small set of experimental
runs may not always be sufficient to determine the most suitable parameters for a
specific process, and there should be sufficient experimental observations to study
the process behavior. Moreover, in the earlier investigations, there has been limited
participation of the decision makers and equal weights (relative importance) have
usually been assigned to the considered responses. Thus, there is a huge opportunity
to adopt different multi-criteria decision-making (MCDM) techniques allowing the
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involvement of a group of decision makers in deciding the relative importance of
various responses under a fuzzy environment. These MCDM techniques are very
popular in the material selection for various applications (Maity and Chakraborty
2013 and Prasad et al. 2014). To the best of the authors’ knowledge, the application
of any of the fuzzy MCDM tools in studying the tribological properties of duplex-TiAIN
coated MDC-K tool steel is really limited.

Thus, this paper proposes a simultaneous application of three other fuzzy MCDM
techniques, in the form of fuzzy technique for order of preference by similarity to
ideal solution (F-TOPSIS), fuzzy evaluation based on distance from the average
solution (F-EDAS) and fuzzy complex proportional assessment (F-COPRAS) methods,
to investigate effects of different tribological process parameters, like load, sliding
velocity and sliding distance on different responses, i.e. hardness, coefficient of
friction, surface roughness, wear mass loss and wear depth of duplex-TiAIN coated
MDC-K tool steel material. Based on the experimental observations, the most
appropriate combination of those tribological process parameters is also singled out
using each of the multi-objective optimization methods under consideration. All these
fuzzy MCDM techniques are easy to comprehend, robust and mathematically sound.
The fuzzy-TOPSIS method endeavors to identify the best alternative based on its
minimum distance from the positive ideal solution and maximum distance from the
negative ideal solution (Yu and Pan 2021; de Lima Silva et al. 2020 and Petrovi¢ et al.
2019). On the other hand, the fuzzy-EDAS method assigns a ranking order to the
candidate alternatives based on the positive and negative distances from the average
solution (Keshavarz Ghorabaee et al. 2017). The fuzzy-COPRAS method selects the
most apposite alternative considering both the positive ideal and negative ideal
solutions while taking into account the performance of the alternatives with respect
to different criteria and the corresponding criteria weights (Zhan et al. 2020). It
adopts a step-wise ranking and evaluating procedure of the alternatives in terms of
their significance and utility degree. It is worthwhile to mention here that as the
considered multi-objective optimization techniques have different mathematical
treatments and have their own advantages and disadvantages, the ranking lists of the
alternatives derived using these methods are supposed to vary, and it would be
interesting to identify the best performing mathematical tool that would lead to the
attainment of the most desired responses for duplex-TiAIN coated MDC-K tool steel.

2. Methodology

2.1. Preparation of the specimen

In this paper, chromium-rich MDC-K tool steel is used as the substrate material
and its composition is provided in Table 1. The dimension of the sample (@55 mm
and thickness 5 mm) is attained using a tool room lathe (Mysore KIRLOSKAR, Model:
EP-2215) and high precision hydraulic surface grinding machine (Kingston, Model:
KG-CL 3060 AH). The turned substrate is then heat-treated, followed by plasma
nitriding. Vacuum hardening is performed at ~1080°C temperature in the absence of
oxygen, whereas, quenching is performed in the same chamber in a nitrogen
environment under a pressure of ~2 MPa. Application of tempering (at ~0.14 MPa
gas pressure and cooled to ~92°C) helps to reduce extra hardness and brittleness
while imparting enough toughness to the treated material. Hardness is measured
using a Wilson Holbert micro-hardness testing machine, i.e., 460 HV. Furthermore, to
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increase the corresponding surface hardness, plasma nitriding is performed in
presence of hydrogen (75%) and nitrogen (25%) at ~0.8 kV potential.

Table 1. Composition of MDC-K tool steel
Element Cr w \ Mn C Si
wt% 4.4 2 1.7 0.5 0.4 0.3

The TiAIN coating is deposited on the plasma nitrided MDC-K tool steel surface
using the magnetron sputtering method. Before the deposition process, the
substrates are cleaned ultrasonically using an alkaline solution, followed by ethanol
for 10-15 minutes. Later, distilled water is used to re-clean the substrate and is dried
with ethanol. The substrate surface is then etched using titanium (Ti) ions under a
pulse bias of -1000V with an 80% duty cycle for four minutes. The TiAlN film is finally
deposited using titanium (Ti) and aluminum (Al) cathode (50:50) under a nitrogen
gas pressure of 2.5 Pa. The DC bias is -40V and the temperature is maintained at
~3150C for 30 min to attain a film thickness of 3.5 um.

2.2. Selection of process parameters

Based on the full-factorial design plan, 27 experiments are conducted using
DUCOM TR20LE Tribometer (ASTM: G99 standard) to investigate the effects of
various tribological process parameters, like load, sliding velocity, and sliding
distance on the considered responses, i.e.,, hardness, coefficient of friction, surface
roughness, wear mass loss and wear depth of duplex-TiAIN coated MDC-K tool steel
material. The past literature (Lepicka et al. 2017 & 2019, Ramezani et al. 2018, and
Patnaik et al. 2020b, 2021g) suggests that load, sliding velocity, and sliding distance
are the most influential parameters influencing the wear properties of TiAIN coated
materials. During the experiments, the range of each of these parameters is decided
based on pilot experiment runs. When the experiments are conducted at a load less
than 10 N load, sliding velocity less than 0.1 m/s, and sliding distance less than 1000
m, no significant effect on the wear properties is noticed due to the lower contact
period between the pin and disc surfaces. At 20 N load, 0.3 m/s sliding velocity and
2000 m sliding distance, a wider and deeper wear track is observed on the surface
with heavy abrasion and erosion of the coating. High sliding velocity provides
sufficient time to repeat the same contact point, and its combined effect with high
load increases the interface temperature leading to deformation and erosion of the
coating. Based on these results, the corresponding levels and ranges of the considered
tribological parameters are determined, as exhibited in Table 2.

Table 2. Experimental conditions
Process parameters and their levels

Process parameter Level Value
Load (L) (in N) 3 10, 15, 20
Sliding velocity (SV) (in m/s) 3 0.1,0.2,0.3
Sliding distance (SD) (in m) 3 1000, 1500, 2000
Uncontrollable Parameters
Parameter Description
Disc size 60 mm diameter x 8 mm thickness
Pin size 8 mm diameter x 30 mm length
Temperature Ambient
Humidity Ambient
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2.3. Fuzzy-TOPSIS method

Three different fuzzy-based MCDM techniques viz. F-TOPSIS, F-COPRAS, and F-
EDAS are also employed for optimization of different tribological parameters to attain
the most desired wear properties of duplex-TiAIN coated MDC-K tool steel. The
TOPSIS method selects the most apposite alternative which is nearest to the positive-
ideal solution and farthest from the negative ideal solution. Based on the negative-
ideal solution, non-beneficial attributes get maximized and the beneficial attributes
are minimized. On the other hand, based on the positive-ideal solution, beneficial
attributes are maximized and non-beneficial attributes get minimized. Furthermore,
the integration of fuzzy set theory with TOPSIS helps in dealing with ambiguity and
subjectivity in the decision-making process. Usually, in a multi-objective parametric
optimization problem involving a single decision maker/process engineer, equal
importance is assigned to all the considered responses that also ease out the
calculation steps. However, in a real-time machining environment, more than one
decision maker participates in assigning importance to the varying responses. The
ratings allotted to the responses are usually subjective and vary from one decision to
the other. In this paper, in order to assign weight to each of the responses, the
triangular linguistic fuzzy numbers of Table 3 is incorporated. In Table 4, the
linguistic fuzzy weights allotted to the five responses by a panel of three decision
makers are presented, which are finally aggregated in Table 5 to provide the
corresponding fuzzy weights for all the responses.

Table 3. Triangular linguistic fuzzy numbers

Lowest LT (0,0,0.1)
Lower LR (0,0.1,0.3)
Low L (0.1,0.3,0.5)
Medium M (0.3,0.5,0.7)
High H (0.5,0.7,0.9)
Higher HR (0.7,09,1)
Highest HT (09,1,1)
Table 4. Decision makers’ panel Table 5. Aggregated fuzzy weight
Response Group of decision makers Response Fuzzy weight
DM1 DM2 DM3 Ra (0.133,0.3,0.5)
Ra L M LR COF (0.133,0.3,0.5)
COF M L LR WML (0.17,0.37,0.57)
WML L M L WD (0.23,0.43, 0.63)
WD M M L HV (0.7,0.87,0.97)
HV HR H HT

The procedural steps of the F-TOPSIS method are elucidated below (Shivakoti et
al. 2017):

Step 1: Based on the experimental dataset consisting of 27 observations and five
responses, develop the initial decision/evaluation matrix U = [uj]27x5, where uj; is the
observed value of jth response (j = 1, 2, 3, 4, 5) at ith experimental trial (i = 1, 2...,27).

Step 2: In order to make the performance criteria values of the above decision matrix
dimensionless and comparable, normalize all the elements using the vector
normalization procedure.
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U; -
Xij :ﬁ | —1, 2, ..... , 27 (1)
3w
i=1

where xjj is the normalized value of uj.

Step 3: Developed the fuzzy weighted normalized decision matrix (Nij ) while

multiplying all the elements of the normalized decision matrix by the corresponding
fuzzy weights of the considered responses.

Step 4: The fuzzy positive ideal solution (M+)and fuzzy negative ideal solution

(M")is needed to be calculated using Eq. (2) and Eq. (3) respectively.

M~ = {[max(m, ) j € 3 Jor[ min(m,)[j 3 |where i =1,2, ..., 27|

={M;,M; M7, M] M¢ )
M~ ={[min(m, ) j € 3" Jor[ max(m,)|j €3 |.where i =1,2, ..., 27|

={M; M, M M, Mg} 3)

Where, J={1,2,34,5} andJ’'={1,2,34,5} J and J'associated with higher the
better type and lower the better type respectively. In this paper, Ra, CoF, WML, WD
are considered as lower the better and HV was considered as higher the better type.

Step 5: The fuzzy Euclidean distance for each experimental result from the fuzzy

positive ideal solution(d." ) and fuzzy negative ideal solution (d.” )is needed to be
1 I

calculated using Eq. (4) and Eq. (5) respectively.

di+=25:d(mij,mi+) i=1,2,...,27;j=1,2,3,4 5 4)
i=1
di-zid(mij,m;) i=1,2,...,27;j=1,2,3,4 5 (5)

i=1
where, d is the distance between two fuzzy numbers.
Step 6: Defuzzified the positive ideal solution and negative ideal solution.

Step 7: Calculate the closeness coefficient (CoCi) for each experimental run as its
proximity to the ideal solution.

d;

CoC =——
d; +d/

(6)
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Step 8: Rank all the experimental runs based on the descending values of CoCi.
Thus, the experimental run having the maximum CoC: value would be the best
alternative, whereas, the worst alternative should have the minimum CoCi value.

2.4. Fuzzy-COPRAS method

The COPRAS method usually deals with quantitative information and the
candidate alternatives are ranked based on the relative weights of various criteria.
However, while solving real-time decision-making problems with incomplete or
vague information, this method fails to provide an accurate ranking of the
alternatives under consideration. To avoid this deficiency, the COPRAS method is
combined with the fuzzy set theory in this paper Use the fuzzy technique to calculate
the relative priority of responses/criteria using a fuzzy number rather than the
precise number (Sun 2010). In this way, the fuzzy-COPRAs technique was proposed
to deal with the insufficiency in the conventional COPRAS method. The weight of the
responses/criteria and ranking of the alternatives are evaluated using linguistic
terms denoted by a fuzzy number. The following steps are used to perform the fuzzy-
COPRAS decision-making Albayrak 2020).

Step 1: Construct the normalized decision matrix using Eq. (1).

Step 2: Construct the fuzzy weighted normalized matrix (X)using Eq. (7) and Eq.
(8)-
X =W, xX; (7)

Wj is the fuzzy weight of criteria.

Xy Ky R
xz[xij]z 207 T i=1230.,m;j=123...,n (8)
)zml ka kmn

Step 3: Calculate the sum of fuzzy beneficial and non-fuzzy beneficial responses
values using Eq. (9) and Eq. (10) respectively.

k

S, =2 %y i=123..m j=123....n (9)
=1
k

Si= > %y i=123..m j=k+Lk+2k+3....n (10)
j=(k+1)

where, k denotes number of beneficial criteria and (n-k) denotes non-beneficial
criteria.

Step 4: Defuzzified the sum of beneficial and non-beneficial responses.

Step 5: Determine the relative significance values (Q;) for each alternative using
Eq. (11).
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S
Q =S, +l—1 i=123,..,n (11)
X

m

S.x)

-
i=1 O

Step 6: Determine the performance score of each alternative (P:) using Eq. (12)
and Eq. (13). respectively.

Qux =Mmax{Q} 1=123..,m (12)
P =9 100% (13)

Based on the performance score (P;), ranking of alternative was determined.
Higher performance score was attributed to best alternative whereas, lowest
performance score was attributed to the worst alternative.

2.5. Fuzzy-EDAS method

This method was developed by Ghorabaee et al. (2016), it needs a few
computational steps to evaluate the process with good efficiency in comparison with
other MCDM methods. Furthermore, it evaluates the alternatives based on the
average solution for each response (criterion). In the present study, the EDAS method
was integrated with the fuzzy numbers. The EDAS method is elaborated in fuzzy
linguistic terms, which are further defined by the triangular fuzzy number (Table 3).
In this method, the first step was to determine the average solution of each criterion.
From the average solution, the positive and negative distance was calculated. The
fuzzy weight of criteria was multiplied with positive and negative distance and then
this value was normalized. Finally, an appraisal score was calculated for each
alternative, and based on this score, a ranking of alternatives was derived. The
following steps were used to determine the ranking using Fuzzy-EDAS (Polat and
Bayhan 2020 and Stevic et al. 2018; Vukasovic¢ et al. 2021).

Step 1: Construct the average decision matrix (X) using following equation:

x - [X” }nxm (14)
%, =%@E_1 %5 (15)

Where, the performance value of alternative A (1S i> n)is represented by J’Efj.
corresponding to the criteriac, (1£ = n)which assigned by the pt expert
(1< p=k).

Step 2: Determine the average solutions and form their corresponding matrix.
AV = [av J} (16)
1xm
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- 1 -
av, == e, %
n

(17)

Where, avjdenotes the average solution corresponding to each criterion.

Step 3: Calculate the fuzzy positive and fuzzy negative distances from the average
for beneficial and non-beneficial criteria.

PDA= [ p&aij} (18)

nxm

NDA = [nd};gj} (19)

nxm

z//(f(ij—avj)
if jeB

k(a(/jj
J (20)

pda; = )
W(f(i,- —avjj
—————= if jeN
k(avjj
l//(avj—)"(ijj
———= if jeB
) k(avjj
pda; = (21)

1 ~
l//(avj—)?ijj
——— = if jeN
k(avjj

Where fuzzy positive and fuzzy negative distances are denoted by pdaij and ndaij

respectively for ith alternative from the average solution in term of jt' criterion.

Step 4: Calculate the fuzzy weighted sum of positive and negative distances for
each alternative using following equations.
sp, = @;‘;{WJ. ® pdaijj (22)

sn =@, (ij ® nd~aij j (23)
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Step 5: Normalize the value of fuzzy sp: and fuzzy sn: for each alternative as
follows:

nsp=— P (24)

~ (]

. 25

o (o)

Step 6: Defuzzified the fuzzy normalized value of pdNaij and nd~aij for each

alternative.

Step 7: Determine appraisal score (as;) for each alternative using Eq. (26)
1
as, = E(nspi @®nsn, ) (26)

Step 8: Finally, rank the alternatives based on their appraisal score. The highest
score corresponds to the best alternative, while the lowest score corresponds to the
worst alternatives.

To understand the proposed MCDM methods, a combined procedural flow
diagram is presented in Figure 1, where each step is connected to the other denoting
process involved in the MCDM methods.
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3. Results and discussion

The tribological experiments were performed according to the full factorial
design. Each test was repeated three times to ensure more accuracy in the measured
response value. The average value of the responses is tabulated in Table 6. The
performance characteristics of the duplex-TiAIN coating were analysed by obtaining
Ra, COF, WML, WD, and HV. The experimental data were analysed to understand the
effect of the tribological parameters on the measured responses.

Table 6. Experimental design matrix with measured responses

Experiment Tribological
number process Responses (Criteria, C)
(Alternative, EN) parameters
Ra, COF, WML, WD, HV,
L SV sb C1 C2 C3 C4 C5

ENi 20 0.1 1000 24 039 40.28 4.12 1227
EN: 15 01 2000 53 0.63 3238 392 1213
EN3 10 0.3 2000 83 092 21.08 292 1147
EN4 20 02 1500 49 049 5958 502 954
ENs 15 03 1000 6.2 0.79 54.68 442 1201
ENe 15 0.2 1000 55 0.68 30.08 382 1137
EN7 20 0.2 1000 4.6 047 5198 452 1126
ENs 15 0.2 2000 59 0.74 27.08 412 1130
ENg 10 0.1 2000 6.7 0.74 16.08 242 1798
EN1o 10 0.2 1000 6.6 0.75 11.68 192 1894
EN11 20 03 1500 5.2 0.61 63.68 552 798
EN12 10 01 1500 64 0.7 12.78 2.12 1911
ENi3 10 03 1500 81 0.89 16.08 242 1498
ENi4 20 03 2000 61 0.64 7438 6.72 739
ENis 15 0.1 1000 49 0.58 1798 2.82 1405
ENi6 15 0.2 1500 5.7 0.71 4118 422 1171
EN17 10 0.1 1000 6.3 0.75 1014 118 1917
ENis 20 01 1500 31 041 46.68 432 1187
EN19 15 0.3 2000 69 087 4938 542 878
ENzo 10 0.3 1000 7.8 0.84 9.58 222 1471
EN21 20 03 1000 4.3 0.58 57.08 4.82 1031
ENz; 10 0.2 2000 7.2 081 1848 212 1784
EN2s3 20 01 2000 3.7 043 50.58 482 992
EN24 20 0.2 2000 5.4 0.52 6228 542 912
ENas 15 0.1 1500 51 0.61 2218 342 1415
ENz6 15 0.3 1500 6.6 0.84 46,58 512 1115
EN27 10 0.2 1500 6.7 0.79 9.67 114 1983

3.1. Ranking of the alternatives using fuzzy MCDM methods

The selection of the optimum conditions of the tribological process parameters
was considered to reveal the applicability of fuzzy-TOPSIS, fuzzy-COPRAS, and fuzzy-
EDAS method. Previously, the applicable steps of the techniques were discussed.
After obtaining the weightage of the responses in accordance with the decision of the
decision-maker, different MCDM techniques were used to rank the alternatives.
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3.1.1. Ranking of the alternatives using fuzzy-TOPSIS method

Value of each response was normalized using Eq. 1 to obtain the normalized
matrix (Supplementary Table 1) and this value was further multiplied with fuzzy
weight of responses (Table 5) to construct the fuzzy normalized weighted matrix
(Supplementary Table 2). With the help of positive and negative ideal solutions
closeness coefficient value was determined for each alternative (Table 7) and based
on this coefficient value ranking of the alternative was obtained. Experiment number
EN27 (L = 10 N, SV = 0.2 m/s, and SD = 1500 m) secured first rank with highest
closeness coefficient value (0.843) whereas experiment number EN14 (L = 20 N, SV =
0.3 m/s, and SD = 2000 m) secured last rank with lowest closeness coefficient value
(0.217) among all 27 number of experiments.

Table 7. Coefficient of closeness and ranking of the alternatives

Experiment  Positiveideal  Negative ideal Closeness Rank
number solution (d;") solution (d;)  coefficient (CoC;) an
EN1 0.178 0.300 0.628 11
EN2 0.215 0.310 0.591 13
EN3 0.237 0.285 0.546 16
EN4 0.291 0.224 0.435 22
ENs 0.295 0.229 0.438 21
ENs 0.220 0.301 0.578 14
EN7 0.248 0.273 0.524 17
ENs 0.232 0.289 0.555 15
ENg 0.137 0.415 0.752 5
EN1o 0.111 0.446 0.801 4
EN11 0.335 0.176 0.344 25
EN12 0.109 0.449 0.804 3
ENi3 0.187 0.350 0.651 10
EN1s 0.399 0.111 0.217 27
ENis 0.140 0.393 0.737 6
ENi6 0.253 0.270 0.516 19
EN17 0.088 0.473 0.843 2
ENis 0.207 0.317 0.605 12
EN19 0.344 0.168 0.328 26
EN2o 0.164 0.372 0.694 8
EN21 0.278 0.239 0.462 20
EN2; 0.148 0.403 0.731 7
ENz3 0.247 0.269 0.521 18
EN2s 0.316 0.197 0.385 24
ENzs 0.166 0.368 0.689 9
ENz6 0.310 0.211 0.405 23
ENz; 0.088 0.473 0.843 1*

*Most preferable setting of tribological process parameters

3.1.2. Ranking of the alternatives using fuzzy-COPRAS method

In this method normalization of response value was similar to the fuzzy TOPSIS
method. Hence, the same normalized decision matrix (Supplementary Table 1) and
fuzzy normalized weighted matrix (Supplementary Table 2) were used for the fuzzy
COPRAS method. The next step was to calculate the relative significance value for
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each alternative using Eq. 11 and the calculated value tabulated in Table 8. The
relative significance value performance score was obtained using Eq. 13 and with the
help of this value ranking of alternatives was determined (Table 10). The highest
performance score (100) was determined for experiment number EN27 (L = 10 N, SV
=0.2 m/s, and SD = 1500 m) and lowest performance score (41.359) was determined
for the experiment number EN14 (L =20 N, SV=0.3 m/s, and SD = 2000 m).

Table 8. Performance score and ranking of the alternatives
Experiment Relative significance = Performance

number value (Qi) score (Ui) Rank
EN; 0.089 72.557 11
EN: 0.081 66.523 13
EN3 0.077 63.328 16
EN4 0.065 53.273 23
ENs 0.069 56.402 20
ENs 0.080 65.073 14
EN7 0.074 60.319 18
ENs 0.078 63.344 15
ENy 0.105 86.033 5
EN1o 0.114 92.962 4
EN11 0.058 47.014 26
EN12 0.114 93.270 3
ENi3 0.091 74.459 10
EN14 0.051 41.359 27
ENis 0.102 83.410 7
EN16 0.074 60.617 17
EN17 0.122 99.546 2
EN1s 0.082 66.837 12
EN19 0.058 47.734 25
EN2o 0.097 78.944 8
EN21 0.068 55.616 21
EN22 0.102 83.656 6
EN2zs3 0.072 58.895 19
EN24 0.061 50.247 24
ENgzs 0.094 77.123 9
EN2¢ 0.066 53.966 22
ENg7 0.122 100.000 1*

*Most preferable setting of tribological process parameters

3.1.3. Ranking of the alternatives using the fuzzy-EDAS method

In this method, initially, the average value of each response was calculated (Table
6). In the next step, positive (PDAj) and negative (NDAj) distances from the average
solution were calculated (Supplementary Table 3 and Supplementary Table 4
respectively). Further, the fuzzy weight of the criterion was multiple with the value of
positive and negative distances respectively, to obtain the fuzzy weighted sum of

positive (Eﬁi) and negative distance (Eﬁi) from the average solution (Supplementary
Table 5 and Supplementary Table 6 respectively). The next step is to calculate the

normalized weighted sum of positive ("SP:) and negative (1157:) distance from the
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average solution (Table 9). Finally, the appraisal score was calculated using Eq. 21 for
each alternative, and based on the appraisal score, a ranking of alternatives was
derived (Table 9). Experiment number ENz7 (L = 10 N, SV = 0.2 m/s, and SD = 1500
m) was obtained first rank with the highest appraisal value (0.549) whereas
experiment number EN14 (L =20 N, SV =0.3 m/s, and SD = 2000 m) was obtained last
rank with the lowest appraisal value (0.070) among all 27 number of experiments.

Table 9. Normalized weighted sum of positive and negative distance, appraisal score
and ranking of the alternatives

Experiment Normalized weighted Normalized weighted Appraisal
value Rank
Number sum of NSP; sum of N&M;
(GS!-)
EN1 0.266 0.126 0.196 21
EN2 0.932 0.016 0.474 3
EN3 0.212 0.319 0.265 16
EN4 0.136 0.579 0.358 10
ENs 0.000 0.390 0.195 22
ENe 0.065 0.129 0.097 26
EN7 0.157 0.344 0.250 17
ENs 0.090 0.190 0.140 24
ENo 0.692 0.063 0.377 9
EN1o 0.849 0.066 0.458 4
EN11 0.053 0.766 0.410 6
EN1z 0.837 0.032 0.435 5
ENi3 0.456 0.184 0.320 14
EN14 0.070 0.073 0.072 27
ENis 0.416 0.000 0.208 20
EN16 0.002 0.205 0.104 25
EN17 0.019 1.000 0.509 2
ENis 0.235 0.233 0.234 18
EN19 0.000 0.699 0.349 11
ENzo 0.520 0.148 0.334 12
EN21 0.096 0.484 0.290 15
ENz; 0.675 0.116 0.395 7
EN23 0.206 0.447 0.326 13
ENaz4 0.104 0.662 0.383 8
EN2s 0.314 0.000 0.157 23
ENa2s¢ 0.000 0.452 0.226 19
EN27 1.000 0.091 0.546 1*

*Most preferable setting of tribological process parameters

Thus, according to all the proposed MCDM methods, experiment number EN27 (L =
10 N, SV =0.2 m/s, and SD = 1500 m) was the most suitable parametric setting for the
tribological test of duplex TiAIN coating. With this parametric setting, the desirable
value of wear responses was obtained whereas, the undesirable value was obtained
with the parametric setting of L = 20 N, SV = 0.3 m/s, and SD = 2000 m (experiment
number ENi4) and this parametric setting was the worst parametric seating
suggested by all the proposed MCDM methods.
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3.2. Sensitivity analysis

Sensitivity analysis was conducted to understand the stability of the rankings
under different sets of response weights (Table 10). Based on these weights, a
ranking of alternatives was obtained using all the proposed MCDM methods (Fig. 2).
There are four scenarios of a group of three decision makers (Table 10 (a-d)), and
based on their opinion criteria weights were calculated (Table 10(a’-d")).

Table 10. Group of decision makers and fuzzy criteria weights

(a) Opinion of the decision maker for scenario 1

Scenario 1 (a’) Fuzzy criteria weight of scenario 1
Responses DM1 DM2 DM3 Responses Fuzzy criteria weight
Ra M M LR Ra (0.200, 0.367, 0.567)
COF L LR L COF (0.067,0.233,0.433)
WML L M M WML (0.233,0.433,0.633)
WD M M LR WD (0.200, 0.367, 0.567)
HV HT HT H HV (0.767,0.900, 0.967)
(b) Opinion of the decision maker for scenario 2 (b’) Fuzzy criteria weight of scenario 2
Responses Scenario 2 Responses  Fuzzy criteria weight
DM1 DM2 DM3 Ra (0.033,0.167, 0.367)
Ra LR L M COF (0.233,0.433,0.633)
COF M M L WML (0.133,0.267, 0.433)
WML LT L M WD (0.067,0.233,0.433)
WD L L LR HV (0.567,0.767,0.933)
HV H HR HR
(c) Opinion of the decision maker for scenario 3
Responses Scenario 3 (c’) Fuzzy criteria weight of scenario 3
DM1 DM?2 DM3 Responses  Fuzzy criteria weight
Ra L LT L Ra (0.067,0.200, 0.367)
COF LR M L COF (0.133,0.300,0.500)
WML M LR M WML (0.200, 0.367, 0.567)
WD M L M WD (0.233,0.433,0.633)
HV HT H HR HV (0.700, 0.867, 0.967)
(d) Opinion of the decision maker for scenario 4
Scenario 4 (d’) Fuzzy criteria weight of scenario 4
Responses o -
DM1 DM?2 DM3 Responses  Fuzzy criteria weight
Ra LT L LR Ra (0.033,0.133,0.300)
COF M LR M COF (0.200, 0.367, 0.567)
WML LT M M WML (0.200, 0.333, 0.500)
WD LR L L WD (0.067,0.233, 0.433)
HV HR HT H HV (0.700, 0.867, 0.967)

The finding of sensitivity analysis for the F-TOPSIS method is represented in
Figure 2(a). There are no changes observed in the ranking of experiment numbers
ENs, ENo, EN10o, EN11, EN12, EN14, EN19, and EN21 when the value of fuzzy weight was
changed. But there were few changes observed in the ranking of experiment numbers
ENi, EN2, EN13, EN1s, EN17, EN2o, EN22, EN24, EN2s, EN26, and EN27. The ranking of the
remaining experiment numbers was changed frequently and it was not stable at all.
The sensitivity results of the F-COPRAS method (Figure 2(b)) showed that there was
no effect of criteria weight change observed on the ranking of experiment numbers
EN4, ENs, ENo, EN10o, EN12, EN14, EN24, and ENzs. Unlike the remaining experiment,
numbers could not hold their actual ranking and there were changes observed with
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criteria weight change. The F-EDAS method (Figure 2(c)) shows more consistent in
their ranking of the experiment numbers against criteria weight change and the
experiments are ENz, EN3, ENs, ENs, EN1o, EN11, EN12, EN14, EN16, EN17, EN21, EN22,
ENzs, and EN27. But there were few experiments (ENs, EN7, ENo, and EN1s) whose
ranking slightly changed with criteria weight change. The rest of the experiment
number changes its ranking frequently against criteria weight change.
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Figure 2. Result of the sensitivity analysis for different ranking methods viz; (a) F-
TOPSIS, (b) F-COPRAS, and (c) F-EDAS.

From sensitivity analysis, it was noted that the F-EDAS method was less sensitive
to criteria weight change compared to F-TOPSIS and F-COPRAS methods. Moreover
was, it noticed that ranking of the best alternative (experiment number EN27) was
changed with criteria weight change in F-TOPSIS and F-COPRAS methods. Thus, it can
be said that the stability of the ranking given by the F-EDAS was the highest
compared to F-TOPSIS and F-COPRAS methods. Thus, F-EDAS was the more robust
method to solve this kind of multi-attributed problem. These obtained results were
further validated by a comparative study, where Spearman’s rank correlation
coefficient was calculated for each scenario of MCDM methods.

3.2.1. Comparison of MCDM methods

Spearman’s rank correlation coefficient for F-TOPSIS methods is shown in Table
11(a). The correlation coefficient value of each scenario shows that there is a lack of
inconsistency in the ranking of the F-TOPSIS method according to different fuzzy
criteria weights. From Table 11(a), it can be seen that the correlation coefficient value
for scenario-(1-2), scenario-(1-3), scenario-(1-4), scenario-(2-3), scenario-(2-4) and
scenario-(3-4) are 0.989, 0.996, 0.998, 0.985, 0.989 and 0.996 respectively. It can be
said that coefficient values are varying from 0.985 to 0.996. Similarly, for F-COPRAS
method (Table 11(b)) the correlation coefficient is obtained for scenario-(1-2),
scenario-(1-3), scenario-(1-4), scenario-(2-3), scenario-(2-4) and scenario-(3-4) are
0.992, 0.998, 0.997, 0.989, 0.993 and 1.000 respectively. Here the coefficient values
are varying from 0.989 to 1.000 and this range is higher than the F-TOPSIS range of
spearman coefficient value. For the F-EDAS method (Table 11(c)), the value of
correlation coefficient value for all the scenarios is higher than 0.990. In other words,
it can be said that the Spearman correlation coefficient for the scenario the of F-EDAS
method is higher than the F-TOPSIS and F-COPRAS methods. Based on the overall
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results of sensitivity analysis and correlation coefficient the F-EDAS method is the
most robust method to solve the multi-attribute decision-making problem.

Table 11. Spearman’s rank correlation coefficient

(a) Coefficient values for F-TOPSIS

Scenarios S2 S3 S4
S1 0989 0.996 0.998
S2 - 0.985 0.989
S3 - - 0.996
(b) Coefficient values for F-COPRAS
Scenarios S2 S3 S4
S1 0.992 0.998 0.997
S2 - 0.989 0.993
S3 - - 1.000
(c) Coefficient values for F-EDAS
Scenarios S2 S3 S4
S1 0.990 0.995 0.994
S2 - 0.993 0.999
S3 - - 0.996

3.3. Other wear parameter optimization problems solved by the proposed
methodology

In this section, the proposed methodology solves two wear optimization
problems, which have already been solved and published elsewhere. The first
problem is the optimization of wear parameters for composite coating, while the
second problem is to optimize the wear parameters for heat-insulated ceramic
coating.

3.3.1. Optimization of wear parameter for composite coating

This optimization problem was solved using the gray relation analysis (GRA)
method (Raghavendra et al. 2021). Table 12 presents the alternatives for wear
parameters and their criteria, based on which alternatives were ranked. Each
criterion presented in Table 12 was identified as non-beneficial criteria, and the
criteria weight (Table 14) was derived using the opinion of decision-makers as
mentioned in Table 13.

Table 12. List of alternatives and their criteria (Initial decision matrix) method
(Raghavendra etal. 2021)
(Specificwear  (Pin Temperature, Pr)  (Friction Coefficient, CoF)

Alternative

rate, Ws) C1 C2 Cs
EN: 0.3330 91.990 0.123
EN: 0.3470 92.140 0.038
EN3 0.8750 98.340 0.144
ENa 0.2520 90.760 0.089
ENs 1.1900 94.840 0.153
ENe 0.4000 73.960 0.089
EN7 1.5550 105.990 0.116
ENs 0.4770 78.660 0.011
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ENo 0.4750 88.760 0.065
EN1o 0.8530 87.810 0.627
EN11 0.2920 86.910 0.046
EN12 0.6411 80.120 0.103
EN13 0.7020 93.690 0.112
EN14 1.2400 90.160 0.035
EN1s 1.1710 111.780 0.119
ENis 0.7840 91.920 0.459
EN17 2.1320 110.380 0.104
ENis 1.4450 95.910 0.099
EN19 1.5500 88.480 0.119
EN2o 1.3700 117.190 0.016
Table 13. Opinion of the decision maker Table 14. Fuzzy criteria weight for
for problem 1 problem 1
Response DM1 DM2 DM3 Responses Fuzzy criteria weight
Ws LR LR L Wi (0.033,0.100, 0.233)
Pr L M M P (0.233,0.433,0.633)
CoF L L M CoF (0.167,0.367,0.567)

One by one, each MCDM method (F-TOPSIS, F-COPRAS, and F-EDAS) was
employed to derive the ranking of alternatives (Table 15). From the obtained results
(Table 15), it was noticed that the ranking of the best alternative (ENs) remains
similar to it obtained in the past study method (Raghavendra et al. 2021) [36].
Further, the correlation between rankings was studied by calculating Spearman’s
rank correlation coefficient. It found these rankings have a good correlation as their
coefficient value lies above 0.767, in the acceptable range.

Table 15. Coefficient of closeness, performance score, appraisal score of alternatives,
and its ranking

Rank method
F-TOPSIS F-COPRAS F-EDAS (Raghavendra
. et al. 2021)
Alternative ;
Closeness Performance Appraisal
coefficient Rank Rank value Rank
(CoC) score (Ui) (as,)
EN: 0.643 10 8.878 10 0.623 10 8
EN: 0.640 11 8.854 11 0.871 3 4
EN3 0.499 16 7.762 16 0.485 17 12
EN4 0.670 9 9.123 9 0.740 8 5
ENs 0.579 14 8.338 14 0.463 18 15
ENe 1.000 1 13.734 1 1.000 1 1
EN7 0.313 17 6.676 17 0.499 14 18
ENs 0.915 2 12.147 2 0.804 4 2
ENo 0.713 7 9.539 7 0.789 6 7
EN1o 0.718 6 9.553 6 0.036 20 19
EN11 0.752 4 9.952 4 0.883 2 3
EN12 0.886 3 11.698 3 0.695 9 6
EN13 0.605 13 8.556 13 0.593 11 10
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ENi4 0.683 8 9.232 8 0.792 5 9
ENis 0.162 19 6.009 19 0.497 16 16
ENi6 0.637 12 8.807 12 0.196 19 17
EN17 0.199 18 6.147 18 0.498 15 20
ENig 0.555 15 8.153 15 0.571 12 14
EN19 0.718 5 9.569 5 0.534 13 13
EN2o 0.018 20 5.468 20 0.786 7 11

3.3.1. Optimization of wear parameter for heat-insulated ceramic coating

The WASPAS method was used to solve this optimization problem by Sahoo et al.
in the past study (Sahoo et al. 2021). The evaluating criteria and alternative wear
parameters are listed in Table 16. There are two criteria, namely weight loss, and
friction coefficient, which are identified as non-beneficial criteria. The weights (Table
18) of these criteria were obtained based on the decision of the expert panel (Table
17).

Table 16. List of criteria and alternatives (Sahoo et al. 2021)
(Weight loss (W1), mg) (Friction coefficient (CoF), n)

Alternative C. C,
ENy 0.19 0.077
EN: 0.60 0.084
ENs 4.70 0.026
ENa 5.10 0.040
ENs 3.50 0.079
ENe 9.20 0.064
EN7 14.20 0.080
ENs 9.30 0.080
ENo 9.90 0.067
EN1o 20.20 0.090
EN11 11.20 0.087
EN12 17.00 0.057
ENi3 19.20 0.078
EN14 13.50 0.070
ENis 9.20 0.170
EN1s 9.20 0.063
Table 17. Opinion of the decision Table 18. Fuzzy criteria weight for
maker for problem 2 problem 2
Response DM1 DM2 DM3 Response  Fuzzy criteria weight
Wi LT LR L Wi (0.033,0.133,0.300)
CoF L L M CoF (0.167,0.367,0.567)

The obtained criteria weights were integrated with MCDM methods as described
in sections 2.4, 2.5, and 2.6 to derive the ranking of alternatives. The derived rankings
are listed in Table 19, and a minor deviation can be observed in the ranking of
alternatives. But this deviation does not affect the overall results. The ranking of the
best alternative remains the same for each MCDM method, which exactly matches the
past result (Sahoo et al. 2021). Although, these rankings have an excellent correlation
among them as Spearman’s rank correlation coefficient values are equal and more
than 0.85.
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Table 19. Final preference values of alternatives and its ranking

Rank
F-TOPSIS F-COPRAS F-EDAS (Sahoo et
. al. 2021)
Alternative -
Closeness Performance Appraisal
coefficient Rank Rank value Rank
(CoC) score (Ui) (as;)
EN:1 0.988 1 246.310 1 0.731 1 1
EN: 0.985 2 199.395 2 0.683 4 3
EN3 0.948 4 75.490 4 1.000 3 2
EN4 0.938 5 61.938 5 0.885 2 4
ENs 0.962 3 88.167 3 0.638 5 5
ENe 0.797 7 19.312 7 0.602 7 7
EN7 0.520 13 8.259 13 0.400 13 12
ENs 0.789 8 18.375 8 0.489 10 11
ENo 0.765 9 16.726 9 0.563 8 9
EN1o 0.049 16 4.137 16 0.242 15 15
EN11 0.696 11 12.859 11 0.415 12 13
EN12 0.321 14 5.900 14 0.515 9 8
EN13 0.131 15 4.597 15 0.323 14 14
EN14 0.567 12 9.189 12 0.478 11 10
EN1s 0.755 10 14.560 10 0.014 16 16
EN16 0.797 6 19.344 6 0.610 6 6

3. Conclusions

Thi
coated

s study focuses on the optimization of the wear parameters for duplex-TiAIN
MDC-K tool steel. Three different fuzzy MCDM methods were proposed to

solve this optimization problem. A total of five wear responses, namely surface
roughness, friction coefficient, wear mass loss, wear depth, and hardness, were
identified as the criteria to evaluate the alternatives, which consist of different
combinations of wear parameters such as applied load, sliding velocity, and sliding
distance. The criteria weight was determined using triangular fuzzy numbers that are
integrated into fuzzy MCDM methods to solve the problem. The following conclusions
are drawn from the results:

The obtained results showed that alternative EN27 (L =10 N, SV =0.2 m/s, and
SD = 1500 m) to be the best alternative whereas EN14 (L = 20 N, SV = 0.3 m/s,
and SD = 2000 m) as the worst alternative parameters for duplex-TiAIN coated
MDC-K tool steel.

These results were tested and validated by performing a comprehensive
sensitivity analysis. Additionally, two sets of wear parameters from the
literature were also solved using the proposed methodology to substantiate its
capability. The result obtained from the proposed methodology was found
similar to the result obtained in the literature.

The validation result proved that the F-EDAS method is more robust and less
sensitive to the criteria weight change. Hence, it can be further used to solve
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this type of multi-decision-making problem with some modifications (either
addition or removal of new alternatives or criteria).

The proposed methodology is designed to solve the multi-criteria such as the
selection of optimal parameters for duplex-TiAIN coating, where three wear
parameters (load, sliding velocity, and sliding distance) and five wear responses (Ra,
COF, WML, WD, and Hv) were considered to solve the above problem. Further, It was
noticed that if some new evaluating criteria were introduced, the calculation process
becomes lengthy which grows exponentially for high-dimensional decision-making
problems.

References

Aghajani, H., Torshizi, M., & Soltanieh, M. (2017). A new model for growth mechanism
of nitride layers in plasma nitriding of AISI H11 hot work tool steel. Vacuum, 141, 97-
102. https://doi.org/10.1016/j.vacuum.2017.03.032

Alkan, 0., & Albayrak, 0. K. (2020). Ranking of renewable energy sources for regions
in Turkey by fuzzy entropy based fuzzy COPRAS and fuzzy MULTIMOORA. Renewable
Energy, 162, 712-726. https://doi.org/10.1016/j.renene.2020.08.062

Chaliampalias, D., Pliatsikas, N., Pavlidou, E., Kolaklieva, K., Kakanakov, R., Vouroutzis,
N, .. & Vourlias, G. (2017). Compositionally gradient PVD CrAlSiN films: structural
examination and oxidation resistance. Surface Engineering, 33(8), 612-618.
https://doi.org/10.1080/02670844.2016.1187789

Chowdhury, M. S. I, Chowdhury, S., Yamamoto, K., Beake, B. D., Bose, B, Elfizy, A,, ... &
Veldhuis, S. C. (2017). Wear behaviour of coated carbide tools during machining of
Ti6Al4V aerospace alloy associated with strong built up edge formation. Surface and
Coatings Technology, 313, 319-327. https://doi.org/10.1016/j.surfcoat.2017.01.115

de Lima Silva, D. F,, Ferreira, L., & De Almeida-Filho, A. T. (2020). A new preference
disaggregation TOPSIS approach applied to sort corporate bonds based on financial
statements and expert's assessment. Expert systems with applications, 152, 113369.
https://doi.org/10.1016/j.eswa.2020.113369

Fu, F, Han, S., & Chen, Z. (2019). Influence of cathode current on corrosion resistance
and tribological properties of TiAIN/TiVN hard coatings. Ferroelectrics, 549(1), 227-
233. https://doi.org/10.1080/00150193.2019.1592565

Ghorabaee, M. K., Zavadskas, E. K., Amiri, M., & Turskis, Z. (2016). Extended EDAS
method for fuzzy multi-criteria decision-making: an application to supplier selection.
International journal of computers communications & control, 11(3), 358-371.

Joshy, S., Jayadevan, K. R.,, Ramesh, A.,, & Mabhipal, D. (2019). Influence of loading

conditions on wear behaviour of H11 tool steel. World Journal of Engineering.
https://doi.org/10.1108/W]JE-12-2018-0434

Keshavarz Ghorabaee, M., Amiri, M., Zavadskas, E. K., Turskis, Z., & Antucheviciene, J.
(2017). Stochastic EDAS method for multi-criteria decision-making with normally
distributed data. Journal of Intelligent & Fuzzy Systems, 33(3), 1627-1638.

Kumar, S., Maity, S. R., & Patnaik, L. (2020a). Friction and tribological behavior of bare
nitrided, TiAIN and AICrN coated MDC-K hot work tool steel. Ceramics International,
46(11),17280-17294. https://doi.org/10.1016/j.ceramint.2020.04.015

62


https://doi.org/10.1016/j.vacuum.2017.03.032
https://doi.org/10.1016/j.renene.2020.08.062
https://doi.org/10.1080/02670844.2016.1187789
https://doi.org/10.1016/j.surfcoat.2017.01.115
https://doi.org/10.1016/j.eswa.2020.113369
https://doi.org/10.1080/00150193.2019.1592565
https://doi.org/10.1108/WJE-12-2018-0434
https://doi.org/10.1016/j.ceramint.2020.04.015

Optimization of Wear Parameters for Duplex-TiAIN Coated MDC-K Tool Steel Using Fuzzy
MCDM Techniques

Kumar, S., Maity, S. R,, & Patnaik, L. (2020Db). Effect of heat treatment and TiN coating
on AISI O1 cold work tool steel. Materials Today: Proceedings, 26, 685-688.
https://doi.org/10.1016/j.matpr.2019.12.367

Kumar, S., Maity, S. R, & Patnaik, L. (2021a). Mechanical and scratch behaviour of
TiAIN coated and 3D printed H13 tool steel. Advances in Materials and Processing
Technologies, 1-15. https://doi.org/10.1080/2374068X.2021.1927642

Kumar, S., Maity, S. R., & Patnaik, L. (2021b). A comparative study on wear behaviors
of hot work and cold work tool steel with same hardness under dry sliding
tribological test. Materials Today: Proceedings, 44, 949-954,
https://doi.org/10.1016/j.matpr.2020.11.004

Kumar, S., Maity, S. R, & Patnaik, L. (2021c). Effect of annealing on structural,
mechanical and tribological properties of Cr-(CrN/TiAIN) coating. Advances in
Materials and Processing Technologies, 1-14.
https://doi.org/10.1080/2374068X.2021.1946755

Kumar, S., Maity, S. R,, & Patnaik, L. (2021d). Effect of tribological process parameters
on the wear and frictional behaviour of Cr-(CrN/TiN) composite coating: an
experimental and analytical study. Ceramics International, 47(11), 16018-16028.
https://doi.org/10.1016/j.ceramint.2021.02.176

Kumar, S., Maity, S. R, & Patnaik, L. (2022a). Morphology and Wear Behavior of
Monolayer TiAIN and Composite AICrN/TiAIN-Coated Plasma-Nitrided DAC-10 Tool
Steel. Arabian Journal for Science and Engineering, 1-20.
https://doi.org/10.1007/s13369-022-06711-x

Kumar, S, Maity, S. R, & Patnaik, L. (2022b). Wear assessment of
Cr203-/TiAIN-coated DAC-10 tool steel against steel and Al203
counterbodies. International Journal of Applied Ceramic Technology, 19(3), 1678-
1690. https://doi.org/10.1111/ijac.13935

Kumar, S., Maity, S. R, & Patnaik, L. (2022d). A novel BWM integrated MABAC
decision-making approach to optimize the wear parameter of CrN/TiAlSiN coating.
Journal of Industrial and Management Optimization.
https://doi.org/10.3934 /jimo0.2022061

Kumar, S., Maity, S. R, & Patnaik, L. (2022e). Wear parameter optimization for
CrN/TiAISiN coating using novel BWM integrated TODIM decision-making
approach. International Journal on Interactive Design and Manufacturing.
https://doi.org/10.1007/s12008-022-00902-4

Kumar, S., Patnaik, L., Shafi, S. M., & Maity, S. R. (2022c). Relative effect of wear
parameters on the wear behavior of TiAIN coated tool steel and parametric

optimization using MCDM method. Advances in Materials and Processing
Technologies, 1-22. https://doi.org/10.1080/2374068X.2022.2033018

Kuo, C.,, Wang, C,, & Ko, S. (2018). Wear behaviour of CVD diamond-coated tools in the
drilling of woven CFRP composites. Wear, 398, 1-12.
https://doi.org/10.1016/j.wear.2017.11.015

Lepicka, M., Gradzka-Dahlke, M., Pieniak, D., Pasierbiewicz, K., & Niewczas, A. (2017).
Effect of mechanical properties of substrate and coating on wear performance of TiN-
or DLC-coated 316LVM stainless steel. Wear, 382, 62-70.
https://doi.org/10.1016/j.wear.2017.04.017

63


https://doi.org/10.1016/j.matpr.2019.12.367
https://doi.org/10.1080/2374068X.2021.1927642
https://doi.org/10.1016/j.matpr.2020.11.004
https://doi.org/10.1080/2374068X.2021.1946755
https://doi.org/10.1016/j.ceramint.2021.02.176
https://doi.org/10.1007/s13369-022-06711-x
https://doi.org/10.1111/ijac.13935
https://doi.org/10.3934/jimo.2022061
https://doi.org/10.1007/s12008-022-00902-4
https://doi.org/10.1080/2374068X.2022.2033018
https://doi.org/10.1016/j.wear.2017.11.015
https://doi.org/10.1016/j.wear.2017.04.017

Kumar et al./Oper. Res. Eng. Sci. Theor. Appl. 5(3)2022 40-67

Lepicka, M., Gradzka-Dahlke, M., Pieniak, D. Pasierbiewicz, K. Kryniska, K, &
Niewczas, A. (2019). Tribological performance of titanium nitride coatings: A
comparative study on TiN-coated stainless steel and titanium alloy. Wear, 422, 68-80.
https://doi.org/10.1016/j.wear.2019.01.029

Li, H., Ramezani, M,, Li, M., Ma, C., & Wang, ]. (2018). Effect of process parameters on
tribological performance of 316L stainless steel parts fabricated by selective laser
melting. Manufacturing letters, 16, 36-39.
https://doi.org/10.1016/j.mfglet.2018.04.003

M’Saoubi, R., Johansson, M. P., & Andersson, J. M. (2013). Wear mechanisms of PVD-
coated PCBN cutting tools. Wear, 302(1-2), 1219-1229.
https://doi.org/10.1016/j.wear.2013.01.074

Maity, S. R, & Chakraborty, S. (2013). A visual decision aid for gear materials
selection. Journal of The Institution of Engineers (India): Series C, 94(3), 199-212.
https://doi.org/10.1007/s40032-013-0080-2

Ozkan, D., Panjan, P., Gok, M. S., & Karaoglanli, A. C. (2020). Experimental study on
tool wear and delamination in milling CFRPs with TiAlN-and TiN-coated tools.
Coatings, 10(7), 623. https://doi.org/10.3390/coatings10070623

Patnaik, L., Maity, S. R, & Kumar, S. (2020a). Status of nickel free stainless steel in
biomedical field: A review of last 10 years and what else can be done. Materials
Today: Proceedings, 26, 638-643. https://doi.org/10.1016/j.matpr.2019.12.205

Patnaik, L. Maity, S. R, & Kumar, S. (2020b). Comprehensive structural,
nanomechanical and tribological evaluation of silver doped DLC thin film coating
with chromium interlayer (Ag-DLC/Cr) for biomedical application. Ceramics
International, 46(14), 22805-22818.
https://doi.org/10.1016/j.ceramint.2020.06.048

Patnaik, L., Maity, S. R., & Kumar, S. (2021a). DLC/CrN or AICrN/CrN composite films:
The better candidate in terms of anti-Wear performance and lesser ion release in hip
implant. Materials Today: Proceedings, 44, 1214-1220.
https://doi.org/10.1016/j.matpr.2020.11.242

Patnaik, L., Maity, S. R., & Kumar, S. (2021b). Effect of lubricated sliding wear against
CFRPEEK on the nanomechanical properties of Ag alloyed Cr/DLC thin film. Journal of
the Mechanical Behavior of Biomedical Materials, 118, 104478.
https://doi.org/10.1016/j.jmbbm.2021.104478

Patnaik, L., Maity, S. R,, & Kumar, S. (2021c). Mechanical and tribological assessment
of composite AICrN or aC: Ag-based thin films for implant application. Ceramics
International, 47(5), 6736-6752. https://doi.org/10.1016/j.ceramint.2020.11.016
Patnaik, L., Maity, S. R.,, & Kumar, S. (2021e). Modeling of wear parameters and multi-
criteria optimization by box-behnken design of AICrN thin film against gamma-
irradiated Ti6Al4V Counterbody. Ceramics International, 47(14), 20494-20511.
https://doi.org/10.1016/j.ceramint.2021.04.059

Patnaik, L., Maity, S. R,, & Kumar, S. (2021f). Evaluation of Gamma irradiated Ti6Al4V
and Silver alloyed aC coatings as friction pair via Response Surface
Methodology. Advances in Materials and Processing Technologies, 1-18.
https://doi.org/10.1080/2374068X.2021.1945277

Patnaik, L., Maity, S. R, & Kumar, S. (2021g). Lubricated sliding of CFRPEEK/AICrN
film tribo-pair and its effect on the mechanical properties and structural integrity of

64


https://doi.org/10.1016/j.wear.2019.01.029
https://doi.org/10.1016/j.mfglet.2018.04.003
https://doi.org/10.1016/j.wear.2013.01.074
https://doi.org/10.1007/s40032-013-0080-2
https://doi.org/10.3390/coatings10070623
https://doi.org/10.1016/j.matpr.2019.12.205
https://doi.org/10.1016/j.ceramint.2020.06.048
https://doi.org/10.1016/j.matpr.2020.11.242
https://doi.org/10.1016/j.jmbbm.2021.104478
https://doi.org/10.1016/j.ceramint.2020.11.016
https://doi.org/10.1016/j.ceramint.2021.04.059
https://doi.org/10.1080/2374068X.2021.1945277

Optimization of Wear Parameters for Duplex-TiAIN Coated MDC-K Tool Steel Using Fuzzy
MCDM Techniques

the AlICrN film. Materials Chemistry and Physics, 273, 124980.
https://doi.org/10.1016/j.matchemphys.2021.124980

Patnaik, L., Maity, S. R, & Kumar, S. (2022). Comparative study on the structural
make-up and mechanical behavior of silicon and silver doped amorphous carbon
films. Silicon, 1-18. https://doi.org/10.1007/s12633-021-01607-1

Patnaik, L., Maity, S, & Kumar, S. (2021d). Evaluation of crack resistance and
adhesive energy of AICrN and Ag doped aC films deposited on chrome nitrided 316
LVM stainless steel. Advances in Materials and Processing Technologies, 1-22.
https://doi.org/10.1080/2374068X.2021.1927643

Petrovi¢, G., Mihajlovi¢, J., Cojbaéi(:, 7., Madié¢, M., & Marinkovi¢, D. (2019). Comparison
of three fuzzy MCDM methods for solving the supplier selection problem. Facta

Universitatis, Series: Mechanical Engineering, 17(3), 455-469.
https://doi.org/10.22190/FUME190420039P

Podgornik, B, Pus, G., Zuzek, B., Leskovsek, V., & Godec, M. (2018). Heat treatment
optimization and properties correlation for H11l-type hot-work tool
steel. Metallurgical and Materials Transactions A, 49(2), 455-462.
https://doi.org/10.1007/s11661-017-4430-1

Podgornik, B, ZuZek, B., Kafexhiu, F., & Leskovsek, V. (2016). Effect of Si content on
wear performance of hot work tool steel. Tribology Letters, 63(1), 1-10.
https://doi.org/10.1007/s11249-016-0695-6

Polat, G., & Bayhan, H. G. (2020). Selection of HVAC-AHU system supplier with
environmental considerations using Fuzzy EDAS method. International Journal of
Construction Management, 1-9. https://doi.org/10.1080/15623599.2020.1742638

Prabhu, S., Ambigai, R, & Vinayagam, B. K. (2020). Performance analysis of
AITiN/AICrN coating on cemented carbide cutting tool using fuzzy logic
analysis. Australian Journal of Mechanical Engineering, 18(supl), S55-S66.
https://doi.org/10.1080/14484846.2018.1467358

Prasad, K., Mahanty, S., Maity, S. R,, & Chakraborty, S. (2014). Development of an
expert system for materials selection. Journal of Materials Education, 36(5-6), 117-
138.

Raghavendra, C. R., Basavarajappa, S., & Sogalad, 1. (2021). Grey relational analysis for
optimization of wear parameters and surface roughness on nano composite
coating. Journal ~ of the Indian  Chemical Society, 98(10), 100171.
https://doi.org/10.1016/j.jics.2021.100171

Sahoo, U. K, Jeet, S., Bagal, D. K, Sahu, M. K, Kumari, K, & Barua, A. (2022).
Optimization of industrial coatings tribological parameters by studying its
application on mechanical components using Taguchi coupled WASPAS
method. Materials Today: Proceedings, 50, 1405-1412.
https://doi.org/10.1016/j.matpr.2021.08.326

Saravanan, I, Perumal, A. E, Issac, R. F. Vettivel, S. C, & Devaraju, A. (2016).
Optimization of wear parameters and their relative effects on TiN coated surface
against Ti6Al4V alloy. Materials & Design, 92, 23-35.
https://doi.org/10.1016/j.matdes.2015.11.119

Saravanan, I, Perumal, A. E., Vettivel, S. C., Selvakumar, N., & Baradeswaran, A.
(2015). Optimizing wear behavior of TiN coated SS 316L against Ti alloy using

65


https://doi.org/10.1016/j.matchemphys.2021.124980
https://doi.org/10.1007/s12633-021-01607-1
https://doi.org/10.1080/2374068X.2021.1927643
https://doi.org/10.22190/FUME190420039P
https://doi.org/10.1007/s11661-017-4430-1
https://doi.org/10.1007/s11249-016-0695-6
https://doi.org/10.1080/15623599.2020.1742638
https://doi.org/10.1080/14484846.2018.1467358
https://doi.org/10.1016/j.jics.2021.100171
https://doi.org/10.1016/j.matpr.2021.08.326
https://doi.org/10.1016/j.matdes.2015.11.119

Kumar et al./Oper. Res. Eng. Sci. Theor. Appl. 5(3)2022 40-67

Response Surface Methodology. Materials & Design, 67, 469-482.
https://doi.org/10.1016/j.matdes.2014.10.051

Sen, B., Gupta, M. K,, Mia, M., Mandal, U. K., & Mondal, S. P. (2020). Wear behaviour of
TiAIN coated solid carbide end-mill under alumina enriched minimum quantity palm
oil-based lubricating condition. Tribology International, 148, 106310.
https://doi.org/10.1016/j.triboint.2020.106310

Shivakoti, 1., Pradhan, B. B., Diyaley, S., Ghadai, R. K, & Kalita, K. (2017). Fuzzy
TOPSIS-based selection of laser beam micro-marking process parameters. Arabian
Journal for Science and Engineering, 42(11), 4825-4831.
https://doi.org/10.1007 /s13369-017-2673-1

Soleimany, J., Ghayour, H., Amini, K., & Gharavi, F. (2019). The effect of deep cryogenic
treatment on microstructure and wear behavior of H11 tool steel. Physics of Metals
and Metallography, 120(9), 888-897. https://doi.org/10.1134/S0031918X19090035

Stevié, Z., Vasiljevi¢, M., Zavadskas, E. K., Sremac, S., & Turskis, Z. (2018). Selection of
carpenter manufacturer using fuzzy EDAS method. Engineering Economics, 29(3),
281-290. https://doi.org/10.5755/j01.ee.29.3.16818

Sun, C. C. (2010). A performance evaluation model by integrating fuzzy AHP and fuzzy
TOPSIS  methods. Expert  systems with applications, 37(12), 7745-7754.
https://doi.org/10.1016/j.eswa.2010.04.066

Vukasovi¢, D., Gligovi¢, D., Terzi¢, S., Stevic, 7., & Macura, P. (2021). A novel fuzzy
MCDM model for inventory management in order to increase business efficiency.
Technological and economic development of economy, 27(2), 386-401.
https://doi.org/10.3846/tede.2021.14427

Yu, D, & Pan, T. (2021). Tracing knowledge diffusion of TOPSIS: A historical
perspective from citation network. Expert Systems with Applications, 168, 114238.
https://doi.org/10.1016/j.eswa.2020.114238

Zhan, J., Zhang, K., & Wu, W. Z. (2021). An investigation on Wu-Leung multi-scale
information systems and multi-expert group decision-making. Expert Systems with
Applications, 170, 114542. https://doi.org/10.1016/j.eswa.2020.114542

© 2022 by the authors. Submitted for possible open access publication under the

terms and conditions of the Creative Commons Attribution (CC BY)

license (http://creativecommons.org/licenses/by/4.0/).

66


https://doi.org/10.1016/j.matdes.2014.10.051
https://doi.org/10.1016/j.triboint.2020.106310
https://doi.org/10.1007/s13369-017-2673-1
https://doi.org/10.1134/S0031918X19090035
https://doi.org/10.5755/j01.ee.29.3.16818
https://doi.org/10.1016/j.eswa.2010.04.066
https://doi.org/10.3846/tede.2021.14427
https://doi.org/10.1016/j.eswa.2020.114238
https://doi.org/10.1016/j.eswa.2020.114542

Optimization of Wear Parameters for Duplex-TiAIN Coated MDC-K Tool Steel Using Fuzzy

MCDM Techniques
Appendix
Nomenclature

L Load (N) FT Fuzzy-TOPSIS
SV Sliding velocity (m/s) FC Fuzzy-COPRAS
SD Sliding distance (m) FE Fuzzy-EDAS
Ra Average surface TOPSIS Technl-qu-e fgr ordfer of prefe?ence by

roughness (um) similarity to ideal solution

CoF Coefficient of friction = COPRAS  Complex proportional Assessment

Evaluation based on distance from

WML Wear mass loss (mg) EDAS the average solution

WD Wear depth (um) S1 Scenario 1

HV Vickers hardness S2 Scenario 2

EN Experiment number S3 Scenario 3

MCDM Multl-CI‘lteI‘l.a decision S Scenario 4
making
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