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Abstract
Manufacturing sectors strive towards low-toxic, environmentally friendly machining to combat climate
change. Due to its low heat conductivity, machining Inconel 718 alloy is a di�cult process nowadays. The
purpose of this research is to investigate the turning of Inconel 718 alloy under PVD TiAlN inserts in two
distinct environments: dry and atomized spray cutting �uid (ASCF). The effect of various machining
performance such as surface roughness(Ra), vibration acceleration (VA), and tool life (TL) analysis of
Inconel 718 alloy in ecologically friendly machining were investigated in this study. Further, Multicriteria
decision-making (MCDM) was used to �nd best optimal process settings: TOPAIS (Technique for Ordering
Performance by Similarity to Ideal Solution), CODAS (Combinative Distance-Based Assessment Technique),
and EDAS (Evaluation Based on Distance from Average Solution) are three techniques for evaluating
performance by similarity to ideal solution. In an ASCF setting, the MCDM approach yields comparable
results with an ideal cutting speed (vc) of 50 m/min, feed rate (f) of 0.15 mm/rev, and depth of cut (ap) of
0.4mm. In contrast to dry machining, ASCF machining yielded a 17–34% improvement in surface quality. In
dry circumstances, the crater and chipping processes were obvious in the rake face, although less wear was
noticed in ASCF machining. Because the thermal conductivity of cutting �uids is improved by microscopic
droplets of ASCF, rapid heat dissipated from the machining zone.

1. Introduction
Due to excellent heat resistance, about 50% of Inconel 718 alloy is consumed in jet engine components and
gas turbine blades. [1]. The lack of heat conductivity and strong mechanical characteristics of Inconel 718
alloy have a considerable impact on machinability throughout the manufacturing process [2]. When turning
or milling Inconel 718 alloys, high cutting temperatures created at the workpiece – tool interface (turning or
milling) cause chemical reactions with the cutting inserts. These are the primary concerns when turning or
milling Inconel 718 alloys. [3]. Once the cutting speed (vc) exceeds about 100 m/min, the cutting pressures
and temperatures at the machined region grow rapidly, resulting in thermal softening or thermal cracking [4,
5]. These characteristics result in increased vc and energy consumption, which can decrease tool life and
cause major surface and subsurface �aws in machine-induced surfaces [6]. Novel cooling techniques such
as MQL (minimum quantity lubrication), ASCF (Atomised spray cutting �uid), ASFC with nano�uids (Solid
lubricants), cryogenic cooling, and others have been proposed as a viable alternatives to enhance the
machinability and tribological properties of Inconel 718 alloy [7]. They're called "Green machining" because
of the bene�cial results. Because the cutting �uid consumption in these cooling systems is rather modest,
the environmental impacts are negligible in this case [8]. The ASCF technique is utilised in virtually all
conventional machining operations, to control tool failure and optimise the machining performance
surface. The ASCF concept arose from a desire to signi�cantly enhance the surface integrity and extend
tool life with minimal coolant usage in turning applications [9]. Elsheikh et al. [10] investigated the effects
of the MQL method on AISI 4340 steel turning with cermet inserts utilising nanoparticles (Al2O3 and CuO).
CuO added nano-�uids outperform Al2O3 added nano-�uids enhances the surface integrity and extend tool
wear, according to the researchers, due to CuO's stronger thermal properties. During the machining of pure
titanium, Singh et al.[11] examined the vc, surface roughness (Ra), and tool wear parameters of a chilled air
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assisted with MQL. The usage of chilled air aided MQL enhanced the surface quality of several hard-to-cut
materials and lowered the risk of occupational health hazards, according to the authors. Chetan et al. [12]
machined Nimonic 90 superalloy with carbide inserts and in comparison with cryogenic cooling and nano-
MQL techniques. This approach for minimising tool wear was found to be cryogenic cooling. Furthermore,
in connection with tool wear and surface quality, the nano-MQL technique surpasses cryogenic treatment.
Sivalingam et al. [13] use the ASCF technique applied in machining of Inconel 718 alloy in turning
application by using vegetable oil mixed with graphite and molybdenum disulphide. The purpose of this
strategy is to lessen pollution's detrimental effects on the environment. Fine atomised spray �uids are
distributed throughout the tool-chip contact area, subsequently decreased friction, and effective heat
transport away from the cutting zone. The machine tool industry strives for increased productivity and
e�ciency, which are closely tied to optimal cutting settings. However, during machining of Inconel 718 alloy
challenging task is to predict the optimal process parameters combination might be di�cult. This can aid
with tool wear, surface quality, and overall productivity [14, 15]. The multicriteria decision-making (MCDM)
approach has been used by a number of researchers in a variety of �elds, including supply chain
management, �nance, renewable energy, manufacturing, and waste water treatment [16]. Gok [17] used
fuzzy TOPSIS, grey relational analysis, and Response surface analysis (RSA) to investigate the Ra and vc

throughout the turning process, and found the ideal cutting parameters to minimise vc and enhance Ra.
Analysis of variance (ANOVA) provides a way for generating a prediction model of Ra and vc based on
cutting parameters. The results demonstrate that Ra and vc are mostly in�uenced by the depth of cut (ap).
Shukla et al. [18] discussed how the TOPSIS approach might be used to optimise a variety of metal cutting
process, such as milling, drilling, turning, EDM, abrasive jet machining, micromachining, and other
machining processes. Furthermore, the superiority of the TOPSIS algorithm was highlighted, as well as the
clear improved effect on real processing. To investigate the multi-response optimization of process
parameters of titanium alloy (grade 2) in the (Nano �uid) NFMQL-assisted turning process, Gupta et al. [19]
integrated the TOPSIS approach with the particle swarm optimization algorithm (PSO). According to the
�ndings, graphite based nano�uids with a vc of 204 m/min, f of 0.11 mm/rev, nozzle angle of 75º is the
best process parameters. Rao et al. [20] employed TOPSIS technology to optimise the parameters of vc, f,
and ap, determining the optimal combination of vc, f, and ap. Thirumalai et al.[21] investigated multi-
response optimization of Inconel 718 turning process parameters, using the NSGA-II approach to produce a
set of objective functions that optimise tool life and MRR while minimising cutting force, and then ranking
the solutions using the TOPSIS method. Simic et al. [22] studied the location of vehicle crusher facilities
using Image Fuzzy Sets (PFSs) and suggested a multi-criteria vehicle crushing facility selection
assessment combinative distance-based assessment (CODAS) technique using image fuzzy combined
distance. The strategy is put to the test in real-world scenarios and compared to other MCDM approaches.
The �ndings reveal that the strategy is quite consistent with previous approaches. Kumar et al.[23] used the
intuitionistic Fuzzy Combination Distance-Based Assessment (IFCODAS) approach to apply distinct
nanoparticle-based quanti�cations to heat exchangers, which merged the intuitionistic Fuzzy Set (IFS)
theory with the (CODAS) method. Continued testing has revealed that carbon-based nanoparticles offer
signi�cant bene�ts in terms of delivering stable and dependable thermal systems. Badi et al.[24] applied the
CODAS approach to a real-world situation and chose the �nest LISCO supplier in Libya. The CODAS
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technique improves the e�cacy of quality decision-making and makes the quality decision-making process
more logical, clear, and e�cient, according to the �ndings. Chairman et al. [25] utilised evaluation based on
distance from average solution (EDAS) is MCDM technique paired with Taguchi method, to conduct a
double-body abrasive wear test on glass �bre reinforced epoxy resin (GC)/titanium dioxide (TiO2)
composites. According to the EDAS technique, the 2 wt% TiO2 �lled epoxy composite had the best �ller
content of the three weight percentages under all mechanical testing conditions. Asante et al.[26] merged
the old MULTIMOORA approach with EDAS to establish a MULTIMOORA-EDAS method for evaluating
renewable energy (RE) obstacles, which he then used to evaluate the hurdles to RE development.

This study presents a combined MCDM approach for selecting the best process parameter for turning
Inconel 718 alloy. The following are the study's main contributions. To our knowledge, this is the �rst
attempt to use integrated shannon entropy for determining individual weightage values, further three MCDM
method namely TOPSIS, EDAS, and CODAS is used to evaluate turning paparmeters. vc, f, and ap are all
improved when the process parameters are optimised. However, no study has been done to �nd the optimal
process parameter by taking into account all elements in decision-making processes, such as minimising
vibration, minimising surface roughness, and maximising tool life.

Using an MCDM TOPSIS, CODAS, and EDAS approach, this study seeks to identify, analyse, and optimise
Inconel 718 alloy turning process parameters. The purpose of the Taguchi L18 experiment was to �nd the
best setting for Ra, vibration acceleration (VA), and tool life (TL). These studies suggest an integrated
MCDM approach for determining optimal process parameters.

2. Materials And Methods
All of the turning experiments were carried out on DAEWOO PUMA-2000 CNC turning machining. The
workpiece was machined using a PVD (TiAlN + AlCr2O3) coated carbide insert with ISO number SNMG
120408 – Sandvik. Table 1 shows all of the experimental work in detail. In this study, vegetable oil mixed
with solid lubricant (graphite and molybdenum disulphide) additives is utilised the ASCF machining to
explore the effect of solid lubricating cooling in the turning application. To illustrate the advantages of the
ASCF technique, dry machining is also used. Producer for preparation of solid lubricant �rst take 20ml of
acetone and added 0.2 wt. % of each solid additives (graphite and molybdenum disulphide) is blended to
ensure homogenous particle dispersion. After that, a 90:10 mixture of cutting �uid and solid lubricant is
applied. The atomised nozzle consists of two input one is used to supply air pressure of 7 bar and other
side solid lubricating �ow of 30 mL/h is maintained by adjustable screw. The distance between the
atomised nozzle and the cutting insert is regulated at 50 mm during machining. For each trial, a fresh
cutting edge was employed to accurately analyse machining performance. A magnetic holder holds the
vibration sensor to the tool holder. Veeco NT 9300 white light interferometer non-contact type 2D surface
roughness measurement was used. For each cutting condition, a TR200 portable surface roughness
pro�lometer was employed for average surface roughness (Ra). The dry and ASCF processes are depicted
schematically in Fig. 1. The experimental value is shown in Table 2.
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Table 1
Experimental Conditions

Instruments Details

Workpiece Inconel 718 alloy (Ø80 X 400 mm)

Chemical Composition (% weight) – Ni (53), Cr (18), C (0.04), Mn (0.08), Si (0.08), Co
(0.23), Mo (3.04) Nb (5.3), Ti (0.98), Al (0.50), Fe (17.80)

Mechanical Properties – Tensile strength (1170 MPa), Yield strength (1375 MPa),
Elongation (23.3%), Hardness (40 HRC).

Cutting speed
(vc)

50, 75 and 100 m/min

Feed rate (f) 0.1, 0.15 and 0. 2 mm/rev

Depth of cut
(ap)

0.4, 0.8 and 1.2mm

Length of cut
(Loc)

40 mm

Optical Light
Microscope

Keyence VH- Z500R magni�cation (500 – x 5000)

Vibration
sensor

PCB 356A15 acceleration sensor
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Table 2
Experimental data

Exp.No Environment Cutting Speed Feed rate Depth of cut SR VB Tool life (TL)

    m/min mm/rev mm mm m/s2 min

1 1 50 0.1 0.4 0.685 0.119 17

2 1 50 0.15 0.8 0.87 0.196 15

3 1 50 0.2 1.2 1.291 0.358 12

4 1 75 0.1 0.4 0.722 0.143 12

5 1 75 0.15 0.8 0.919 0.235 14

6 1 75 0.2 1.2 1.291 0.378 12

7 1 100 0.1 0.8 0.898 0.218 12

8 1 100 0.15 1.2 1.012 0.332 12

9 1 100 0.2 0.4 1.11 0.248 11

10 2 50 0.1 1.2 0.867 0.21 26

11 2 50 0.15 0.4 0.623 0.095 25

12 2 50 0.2 0.8 0.853 0.162 21

13 2 75 0.1 0.8 0.698 0.123 20

14 2 75 0.15 1.2 0.978 0.275 23

15 2 75 0.2 0.4 0.745 0.128 21

16 2 100 0.1 1.2 0.937 0.265 22

17 2 100 0.15 0.4 0.713 0.122 20

18 2 100 0.2 0.8 0.913 0.216 18

* Environment, 1 = Dry machining ; 2 = ASCF machining

3. Multicriteria Decision-making Methodologies

3.1 Shannon Entropy Method
The Shannon entropy technique is a weighted model that uses the project outcome to determine the
weights of particular criterion [27–29]. The entropy weight approach is explained as follows:

(i) To get a project outcome r  ij ,
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rij =
xij

m
∑

i=1
xij

1
(ii) Compute entropy value.

Ej = − k
m

∑
i=1

rij × lnrij

k =
1

ln(m)

2
(iii) Using the entropy notion to de�ne the objective weight

Wj =
1 − Ej

n
∑

j=1
(1 − Ej)

3

3.2 Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS) method
The optimal choice is the one that is closest to the best answer and farthest away from the non-ideal
alternative, according to the TOPSIS concept. [19]. The TOPSIS approach is based on an impulsive and
straightforward premise. It entails selecting a good choice that is superior to the worst and obtaining a
greater advantage.[30, 31] The best outcome will be given a rank, while the lowest will receive a zero. This
strategy is both time-saving and cost-effective.

(1) Calculation of normalise matrix xij m× n

Rij =
xij
m
∑

i=1
x2

ij

4
R  ij  - normalised performance matrix; xij - normalised value of ith experimental order related to the jth output
variables (Ra, VA, TL)

(2) weighted normalized matrix

( )

√
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V ij = Wj × Rij

5
 V ij - weighted normalized matrix; Wj - weighted values

(3) Positive and negative ideal solutions

P+ – good performance in a different situation; P− stands for the worst alternative performance.

(4) Best and worst alternative distance

 D +
i =

m
∑

j=1
V ij − P +

j
2; D −

i =
m
∑

j=1
V ij − P −

j
2

 , ∀i (7)

 D +
ij  - The most suitable alternative distance; D −

ij  - Alternative distance with the worse results. J- represents

the criteria that have a favourable effect; J’- identi�es the characteristics that have a detrimental in�uence;

(5) Closeness Coe�cient

Ci =
D −

i

D −
i + D +

i
, 0⩽

8
C  i  - closeness coe�cient.

3.3 Combinative Distance-based Assessment Method
(CODAS)
CODAS is an innovative decision-making technique for multicriteria situations. The approach relies on the
Euclidean distance in between positive and negative alternatives.[32–35]

(1) Creating a decision matrix for the �rst time {\left( {{x_{ij}}} \right)_{m \times n}}

 X={\left[ {{x_{ij}}} \right]_{_{{n\,x\,m}}}}=\left[ {\begin{array}{*{20}{c}} {{x_{11}}}&{{x_{12}}}&{.....}&{{x_{1m}}} \\
{{x_{21}}}&{{x_{22}}}&{.....}&{{x_{2m}}} \\ \begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered}
&\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered} &\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered}
&\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered} \\ {{x_{n1}}}&{{x_{n2}}}&{.....}&{{x_{nm}}} \end{array}}
\right]   {\left( {{x_{ij}}} \right)_{m \times n}}  matrix (9)

R  ij  - normalized performance matrix

√ ( ) √ ( )
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(2) Normalised decision matrix.

{N_{ij}}=\left( {\begin{array}{*{20}{c}} {\frac{{{x_{ij}}}}{{\mathop {\hbox{max} \,{x_{ij}}}\limits_{i} }}}&{if\,j \in
Higer\,the\,better} \\ {\frac{{\mathop {\hbox{min} \,{x_{ij}}}\limits_{i} }}{{{x_{ij}}}}}&{if\,j \in Lower\,the\,better}
\end{array}} \right)
10

(3) Calculation of Weighted normalize matrix

{R_{ij}}={W_j}\,{N_{ij}}
11

(4) Determine the points of the negative-ideal solution.

NS={\left[ {N{S_j}} \right]_{1x\,m}},\,\,\,\,\,\,\,(N{S_{^{j}}}=\mathop {\hbox{min} }\limits_{i} \,\,{R_{ij}})
12

NS = negative-ideal solution.

(5) Calculation of the Euclidean and taxicab distances from ns.

{e_i}=\sqrt {\sum\limits_{{j=1}}^{m} {{{\left( {{R_{ij}} - N{S_j}} \right)}^2}} } ,\,\,\,\,\,\,\,\,
{t_i}=\sum\limits_{{j=1}}^{m} {\left| {{R_{ij}} - N{S_j}} \right|}
13

e  i -Euclidean distances; ti - taxicab distances

(6) Create a matrix of relative assessments.

\begin{gathered} Ra=\left[ {{D_{ik}}} \right]{\,_{m\,x\,n}},\,\,\,{D_{ik}}=\left( {{e_i} - {e_k}} \right)+\left( {\psi
\left( {{e_i} - {e_k}} \right)\,X\left( {{t_i} - {t_k}} \right)} \right) \h�ll \\ \left( {Assume,\,\psi =0.02\,} \right) \h�ll
\\ \end{gathered}
14

(7) Calculation of relative assessment score.

{H_i}=\sum\limits_{{k=1}}^{n} {{D_{ik}}}
15
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3.4 Evaluation based on Distance from average solution
(EDAS)
The difference between distinct process parameters in this model may be evaluated using the appraisal
score (AS), which is based on a positive distance from average (PDA) and a negative distance from average
(NDA) (NDA). The best parameters have the highest PDA values and the lowest NDA values. [27, 36–38]

(1) Calculation of the initial decision matrix {\left( {{x_{ij}}} \right)_{m \times n}}

X={\left[ {{x_{ij}}} \right]_{_{{n\,x\,m}}}}=\left[ {\begin{array}{*{20}{c}} {{x_{11}}}&{{x_{12}}}&{.....}&{{x_{1m}}} \\
{{x_{21}}}&{{x_{22}}}&{.....}&{{x_{2m}}} \\ \begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered}
&\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered} &\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered}
&\begin{gathered} . \h�ll \\ . \h�ll \\ \end{gathered} \\ {{x_{n1}}}&{{x_{n2}}}&{.....}&{{x_{nm}}} \end{array}}
\right]
16

(2) Average solution

A{S_j}=\frac{{\sum\limits_{{i=1}}^{n} {{x_{ij}}} }}{n}
17

AS  j  – Average solution;

(3) Distance from the average PDA is positive.

PD{A_{ij}}=\left( {\begin{array}{*{20}{c}} {\frac{{\hbox{max} (0,({x_{ij}} - A{S_j}))}}{{\mathop {A{S_j}}\limits_{{}}
}}}&{if\,j \in Higher\,the\,better} \\ {\frac{{\hbox{max} (0,(A{S_j} - {x_{ij}}))}}{{A{S_j}}}}&{if\,j \in
Lower\,the\,better} \end{array}} \right)
18

(4) Distance from the average NDA that is negative.

ND{A_{ij}}=\left( {\begin{array}{*{20}{c}} {\frac{{\hbox{max} (0,(A{S_j} - {x_{ij}}))}}{{\mathop {A{S_j}}\limits_{{}}
}}}&{if\,j \in Higher\,the\,betterl} \\ {\frac{{\hbox{max} (0,({x_{ij}} - A{S_j}))}}{{A{S_j}}}}&{if\,j \in
Lower\,the\,better} \end{array}} \right)
19

(5) SP and SN normalised values
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\begin{gathered} NS{P_i}=\frac{{S{P_i}}}{{{{\hbox{max} }_i}(S{P_i})}}\sum\limits_{{j=1}}^{m} {{w_j}*PD{A_{ij}}}
\h�ll \\ NS{N_i}=1 - \frac{{S{N_i}}}{{{{\hbox{max} }_i}(S{N_i})}}\sum\limits_{{j=1}}^{m} {{w_j}*PD{A_{ij}}} \h�ll
\\ \end{gathered}
20

(6) Appraisal Score

A{S_i}=\left[ {\frac{{NS{P_i}+NS{N_i}}}{2}} \right]
21

4. Result And Discussion
In this study, we conducted a turning experiment and de�ned the input machine variables such as vc, f, and
ap, as well as output criteria such as surface roughness (SR), vibration acceleration (VA), and tool life (TL),
in order to optimise the process parameter. We employed three MCDM models, TOPSIS, CODAS, and EDAS,
to rank the options with regard to the given criteria in this study in order to �nd the best process parameter.
As previously stated, the weights of the criterion are determined using the Entropy technique. We utilise the
decision matrix described in the Entropy technique and then normalise decision matrix (rij) it is using Eq. (1).
We next use Eq. (2) to determine the entropy of each criterion, which is represented by Ej. Using Eq. (3), we
derive the weights of each criterion, indicated by Wj. The weightage of each criterion Wj for SR, VA and TL is
0.154, 0.557 and 0.289 respectively.

The normalised matrix values for different TOPSIS process parameters were determined using Eq. (9), and
the normalised values are shown in Table 3. By considering performance aspects: Lower the better (LB) is
preferable for SR and VA, higher is better for TL. We may generate a weighted normalised matrix by
multiplying the entropy weighting value with Eq. 9. We get weighted normalised matrix ({V_{ij}}).
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Table 3
Closeness coe�cient values of TOPSIS analysis

Exp.No Normalized Decision
Matrix

Weighted Normalized
Decision Matrix

Di
+ Di

− Ci Rank

  SR VA TL SR VA TL        

  mm m/s2 min mm m/s2 min        

1 0.176 0.123 0.222 0.027 0.068 0.064 0.037 0.153 0.807 5

2 0.224 0.202 0.196 0.035 0.113 0.057 0.072 0.108 0.599 9

3 0.333 0.370 0.157 0.051 0.206 0.045 0.162 0.013 0.072 17

4 0.186 0.148 0.157 0.029 0.082 0.045 0.060 0.138 0.698 7

5 0.237 0.243 0.183 0.037 0.135 0.053 0.093 0.085 0.477 12

6 0.333 0.391 0.157 0.051 0.218 0.045 0.174 0.004 0.021 18

7 0.231 0.225 0.157 0.036 0.125 0.045 0.089 0.094 0.514 11

8 0.261 0.343 0.157 0.040 0.191 0.045 0.147 0.029 0.167 16

9 0.286 0.256 0.144 0.044 0.143 0.041 0.106 0.076 0.416 15

10 0.223 0.217 0.339 0.034 0.121 0.098 0.067 0.114 0.630 8

11 0.160 0.098 0.326 0.025 0.055 0.094 0.004 0.174 0.979 1

12 0.220 0.167 0.274 0.034 0.093 0.079 0.044 0.131 0.750 6

13 0.180 0.127 0.261 0.028 0.071 0.075 0.028 0.153 0.845 4

14 0.252 0.284 0.300 0.039 0.158 0.087 0.105 0.076 0.419 14

15 0.192 0.132 0.274 0.030 0.074 0.079 0.027 0.151 0.847 2

16 0.241 0.274 0.287 0.037 0.153 0.083 0.100 0.079 0.440 13

17 0.184 0.126 0.261 0.028 0.070 0.075 0.028 0.153 0.847 3

18 0.235 0.223 0.235 0.036 0.124 0.068 0.077 0.098 0.562 10

Each alternative experiment's the positive and negative ideal distance solution values were computed using
Eq. (7). Using the D_{{ij}}^{+}, D_{{ij}}^{ - } values, the closeness coe�cient index (Ci) was determined for each
alternative using Eq. (8). The values of the proximity coe�cients for each experimental run utilising the L18
orthogonal array are shown in Table 3. Because it indicates the highest proximity coe�cient; the values
recorded in each trial, from the 18 closeness coe�cients showed that experiment 11 had the best multi-
response characteristics. Experiment no. 11 yielded optimal process settings in the MCDM methods for the
output responses this will conformed with higher Ci values indicates the best setting for the Inconel 718
alloy machining.
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The CODAS technique uses a two-step rating procedure to assess the attractiveness of particular traits.
Calculate ei and ti distances using the NS [32–34, 39]. The normalised and weightage normalised
performance values for each criterion are calculated using Eqs. 9–11. Eq. 12 is then used to determine the
NS. Based on the NS, Eq. 13 offers two options: ei and ti distances. As indicated in Table 4, Eqs. 14–15 were
used to generate the relative assessment matrix (Hi) and ranking scores. Because it represents the highest
relative assessment core; the values recorded in each trial, highest relative assessment score value of
(7.166) is consider as the best parameter settings and corresponding experiment no. 11.

Table 4
Relative assessment matrix of CODAS method

Exp.No Normalized Decision
Matrix

Weighted Normalized
Decision Matrix

Negative- ideal
solution

Relative
Assessment
matrix

(Hi )

Rank

Ei Ti

SR VB TL SR VA TL    

  mm m/s2 min mm m/s2 min        

1 0.909 0.798 0.654 0.140 0.445 0.189 0.319 0.437 3.291 2

2 0.716 0.485 0.577 0.110 0.270 0.167 0.142 0.211 -0.295 10

3 0.483 0.265 0.462 0.074 0.148 0.133 0.014 0.019 -1.916 17

4 0.863 0.664 0.462 0.133 0.370 0.133 0.238 0.300 1.433 6

5 0.678 0.404 0.538 0.105 0.225 0.155 0.097 0.149 -0.982 14

6 0.483 0.251 0.462 0.074 0.140 0.133 0.011 0.011 -1.927 18

7 0.694 0.436 0.462 0.107 0.243 0.133 0.109 0.147 -0.786 13

8 0.616 0.286 0.462 0.095 0.159 0.133 0.031 0.051 -1.774 16

9 0.561 0.383 0.423 0.087 0.213 0.122 0.075 0.086 -1.211 15

10 0.719 0.452 1.000 0.111 0.252 0.289 0.204 0.315 0.806 8

11 1.000 1.000 0.962 0.154 0.557 0.278 0.452 0.653 7.166 1

12 0.730 0.586 0.808 0.113 0.327 0.233 0.221 0.336 1.137 7

13 0.893 0.770 0.769 0.138 0.429 0.222 0.312 0.452 3.185 4

14 0.637 0.345 0.885 0.098 0.192 0.255 0.145 0.210 -0.244 9

15 0.836 0.742 0.808 0.129 0.413 0.233 0.300 0.439 2.899 5

16 0.665 0.358 0.846 0.103 0.199 0.244 0.139 0.210 -0.353 11

17 0.874 0.779 0.769 0.135 0.434 0.222 0.316 0.454 3.275 3

18 0.682 0.440 0.692 0.105 0.245 0.200 0.134 0.214 -0.431 12
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A novel and e�cient MCDM technique is (EDAS). In this strategy, the attractiveness of alternatives is
measured by their distance from an average answer [27, 36, 40]. The EDAS approach may be e�cient for
solving the turning of Inconel 718 alloy using graphite mixed lubricating oil and process parameters were
adjusted since the average solution is determined by an arithmetic mean.

Eqs. 1 and 2 are used to obtain the starting matrix and average solution (16–17). Based on the criteria type,
Eqs. (18) and (19) were utilised to determine positive and negative distances (PDA, NDA). The second step
was to calculate the weighted total of the positive and negative distances from the average response (SPi,
SNi). These �gures were calculated using Eq. (20). Eq. 21 utilises the �nal evaluation score (ASi) to rank the
optimal process parameter based on the values of SPi and SNi, as shown in Table 5. Because it represents
the highest relative assessment core; the values recorded in each trial, experiment no. 11 demonstrated the
best multi-response characteristics among the values of the L18 the appraisal score (ASi). surprise,
Experiment no. 11 shows the best parameter settings, with a larger Appraisal score value indicating that the
related experiment is closer to the normalized values of SP and SN value. In all three MCDM method, It has
been discovered that maintaining the best parameter con�guration of environment (2 i.e. ASCF), at Vc, f and
ap were 50 m/min, 0.15 mm, and 0.4 mm respectively results in greater values of proximity coe�cient,
decreasing the SR, VA, and maximizing the TL.
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Table 5
Evaluation based on Distance from average solution EDAS

Exp.No Positive distance from
average PDA

Negative distance from
average NDA

NSP NSN Appraisal
Score

Rank

SR VA TL SR VA TL        

  mm m/s2 min mm m/s2 min        

1 0.235 0.440 0.000 0.000 0.000 0.022 0.521 0.985 0.753 5

2 0.029 0.078 0.000 0.000 0.000 0.137 0.082 0.910 0.496 12

3 0.000 0.000 0.000 0.441 0.685 0.310 0.000 0.064 0.032 17

4 0.194 0.327 0.000 0.000 0.000 0.310 0.402 0.798 0.600 8

5 0.000 0.000 0.000 0.026 0.106 0.195 0.000 0.787 0.394 13

6 0.000 0.000 0.000 0.441 0.783 0.310 0.000 0.000 0.000 18

7 0.000 0.000 0.000 0.002 0.026 0.310 0.000 0.780 0.390 14

8 0.000 0.000 0.000 0.130 0.562 0.310 0.000 0.347 0.173 16

9 0.000 0.000 0.000 0.239 0.167 0.367 0.000 0.496 0.248 15

10 0.032 0.012 0.495 0.000 0.000 0.000 0.416 1.000 0.708 6

11 0.305 0.553 0.438 0.000 0.000 0.000 1.000 1.000 1.000 1

12 0.048 0.238 0.208 0.000 0.000 0.000 0.381 1.000 0.690 7

13 0.221 0.419 0.150 0.000 0.000 0.000 0.610 1.000 0.805 2

14 0.000 0.000 0.323 0.092 0.295 0.000 0.249 0.748 0.499 11

15 0.168 0.398 0.208 0.000 0.000 0.000 0.597 1.000 0.799 4

16 0.000 0.000 0.265 0.046 0.249 0.000 0.205 0.808 0.506 9

17 0.204 0.426 0.150 0.000 0.000 0.000 0.602 1.000 0.801 3

18 0.000 0.000 0.035 0.019 0.016 0.000 0.027 0.977 0.502 10

4.1 Surface roughness (Ra)
Dry machining roughness ranges from 0.685 to 1.291 µm, whereas ASCF machining roughness ranges
from 0.698 to 0.978 µm. Increasing the f causes the Ra value to rise throughout the machining process. At a
Vc of 50 m/min, f of 0.15 mm, and ap of 0.4 mm, ASCF machining lowers roughness by 19 to 33 percent
compared to dry machining. This is due to the presence of solid lubricants in the tool tip contact, which
minimises the amplitude of waviness on the machined surface while maintaining a uniform pro�le surface
as viewed in 2D. [41] Fig. 2 shows the presence of feed marks and scratches on the surface morphology.
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Figure 2 depicts an optical microscopic examination of a machined surface at the ideal conditions Vc of 50
m/min, f of 0.15 mm/min, and ap of 0.4 mm in both dry and ASCF conditions. When compared to ASCF
machining, dry machining produced more grove markings and burned marks. This is due to the presence of
solid lubrication, which improves heat absorption and lowers build-up edge (BUE)development.[42]

When compared to the ASCF state, the machined surface has a non-uniform surface pro�le with a greater
value of Ra. Surface roughness was a smooth, uniform surface pro�le without any appearance of waviness
at the beginning stage of machining in both the dry and ASCF machining environment. During dry
machining, chipping and BUE cause a greater value of surface roughness on the machined surface. Dry
machining creates more feed marks on the workpiece surface than ASCF machining because of the lower
Vc and f. This is due to BUE being formed as a result of the long engagement of chip with cutting inserts
relatively large cutting temperature generated near the cutting edge at the higher feed rate [43, 44]. Low
groove markings and improved Ra on the machined surface are achieved with constructive chip breakability
and decreased BUE during ASCF machining. Figure 3 depicts a 2D surface analysis of a machined surface
at the ideal conditions Vc of 50 m/min, f of 0.15 mm/min, and ap of 0.4 mm in both dry and ASCF
conditions. The �gure shows that in the dry state, there were more feed marks with non-uniform surface
pro�les, which is attributable to vibration build-up during the machining process. Surface roughness has a
direct link with vibration build-up. The presence of solid lubricants droplets on the tooltip interface reduces
the amplitude of waviness on the machined surface with a uniform pro�le surface as seen in the 2D
surface at the optimum condition Vc of 50 m/min, f of 0.15 mm/min, and ap of 0.4 mm at both dry and
ASCF condition, as seen in the images.[45].

4.2 Tool life
In dry machining, higher Vc causes greater plastic deformation at the tool-workpiece contact, resulting in
shorter tool life. The presence of small spray droplets of solid lubricants during machining in ASCF
minimises the coe�cient of friction along the workpiece and the cutting edge, reducing cutting edge
sharpness during machining at high temperatures. In contrast to dry machining conditions, ASCF
machining extends tool life by up to 40%-60%. Figure 4 illustrates the SEM analysis of tool wear at the
optimal conditions of 50 m/min cutting speed, 0.15 mm/min feed rate, and 0.4 mm depth of cut in both dry
and ASCF conditions. Craters and chipping were evident on the tool surface due to tool wear in both dry and
ASCF machining environments. In the dry condition, more craters and chipping were found on the surface
due to the tool and work interface at higher speeds, whereas in the ASCF condition, fewer craters and
chipping were found on the surface due to the presence of solid lubricants during the machining process,
resulting in a lower tool wear rate. During the turning of the workpiece in both dry and ASCF conditions, the
adhesive chipping layer was visible on the rake surface of the tool.[46, 47] When opposed to dry machining,
ASCF displays less crater wear and chippings due to the presence of high thermal stress and high strain
hardening rate during the machining process.[42, 45, 48, 49]. The �nding is also in line with that of An et al.
[50] and pal et al.[51] Solid lubricants provide a cooling effect, which lowers the cutting tool temperature at
the interface zone and increases tool life. ASCF machining demonstrates less substantial fracture and
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diffusion area, and the damage is signi�cantly smaller owing to solid lubrication, which minimises the heat
created during the machining process and results in longer tool life.

5. Conclusions
Utilizing TOPSIS, CODAS, and EDAS methodologies, this study analyses the usage of dry and atomized
spray cutting �uid (ASCF) in turning Inconel 718 alloy using coated carbide inserts.

1. The TOPSIS, CODAS, and EDAS MCDM models indicated that experiment 11 is ranked highest,
followed by experiment 6 at the bottom. Despite the fact that all MCDM approaches yield the same
results, TOPSIS and EDAS need less time to calculate than CODAS due to the complexity of computing
the relative assessment matrix.

2. All of the MCDM approaches to maintain the optimal parameter settings of the environment (2, i.e.
ASCF), Vc of 50 m/min, f of 0.15 mm/min, and ap of 0.4 mm, with corresponding Ra, VA, and TL of

0.623µm, 0.095m/s2, and 25 minutes, respectively. Fine droplets of ASCF machining are more
successful in lowering Ra values due to their solid lubrication cooling action.

3. In contrast to dry machining, ASCF machining improved surface roughness by 17–34%. ASCF
machining provides effective lubrication between the chip-tool interfaces, as well as greatly reduces the
cutting temperature in the cutting zone.

4. A higher amount of craters and chipping was observed under dry conditions, whereas a lesser amount
of craters and chipping were observed during the ASCF machining conditions, and there was a
signi�cant reduction of tool wear. When opposed to dry machining, ASCF machining uses a MoS2 and
graphite mixed solid lubricant that absorbs heat quickly during the machining process and provides
lubrication, which minimises friction and heat at the work piece-tool interface, lowering the cutting
temperature and increasing tool life.

The impact of various machining settings on quality responses might be investigated further. i.e., the
impact of varying nozzle angle, nozzle distance, �ow rate, and nano lubricants mixed with vegetable oil-
based coolant might be investigated.
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Figure 1

The schematic diagram for the dry and ASCF Machining
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Figure 2

Optical Microscopic investigation of machined surface at the optimum condition of cutting speed 50m/min,
feed rate of 0.15mm/min and depth of cut of 0.4 mm at both dry and ASCF condition

Figure 3
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shows the 2D surface investigation of machined surface at the optimum condition of cutting speed
50m/min, feed rate of 0.15mm/min and depth of cut of 0.4 mm at both dry and ASCF condition

Figure 4

SEM investigation of tool wear at the optimum condition of cutting speed 50m/min, feed rate of
0.15mm/min and depth of cut of 0.4 mm at both dry and ASCF condition.


