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Abstract; The main aim of this study is to apply the integrated Multi-Criteria Decision-Making (MCDM) approach of
the Best-Worst Method ( BWM ) and TOmada de Decisao Interativa Multicriterio ( TODIM ) for multi-criteria
optimization of parameters, namely Al,O,(wt.% ), graphite (Gr) (wt.% ), Applied Load ( AL), and Sliding Distance
(SD) on Specific Wear Rate (SWR) , Wear (WE) , and Coefficient Of Friction ( COF) in the dry sliding wear process
of AA7075/A1,0,/Gr composites. In TODIM, overall dominance degree ( ¢, ) represents SWR, WE and COF. The
novelty of this work lies in the integrated application of BWM-TODIM for multi-criteria optimization of the wear process
parameters and the percentage of reinforcements in composites. The Taguchi method (L,,) was used for the conduction
of wear tests. According to the BWM-TODIM approach, optimized parameter levels of Al,O,=3%, Gr=6%, AL=
10 N and SD=2000 m resulted in desirable wear criteria (SWR=5.554x10"* mm’/N + m, WE=46.78 um and COF =
0.122). SEM analysis of the worn surface of the best alternative A ,(optimal levels) showed better surface integrity as
compared to that of the worst alternative A;. ANOVA of i, revealed that parameters such as AL, Al,O, and Gr were
significant. The robustness and reliability of TODIM were analysed using sensitivity analysis. It revealed that it was
highly robust with modification of criteria weights, fairly robust with variation of attenuation factor for losses () , and
inconsistent with the majority of popular MCDM methods. Beyond the sensitivity analysis, TODIM was further validated
by comparison with the multi-response optimizer like Composite Desirability Function (CDF), and by performing a

statistical validation test using Bootstrapping, both of which yielded satisfactory results.
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0 Introduction

AA7075 has been used for making industrial parts
for automobiles, aerospace, and other applications
due to its desirable lightweight. It has higher micro-
hardness, higher tensile strength and better fatigue
resistance as compared to other aluminium alloys.
Also, it is superior for achieving maximum strength at

relatively low density''’. This makes it suitable for
aerospace and high-performance mechanical
applications requiring these critical properties.

However, it has a major problem of poor wear

resistance that limits its wear performance. In

addition, the ever-increasing global need for better
quality materials with low cost has transferred AA7075
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from monolithic alloys to composite materials. To
build these composites with improved mechanical and
wear properties to suit the specific application, a
desirable quantity of ceramic reinforcements, such as
Al,O,, TiB,, SiC, TiC, B,C, zirconia, etc., and
solid lubricants such as Gr, h-BN, MoS,, etc., are
added to the
reinforcements are added to the original matrix to form
Hybrid Metal Matrix ( HMMCs ).
Moreover, the wear performance of these composites

matrix.  Generally, tailored

Composites

depends on the percentage of reinforcements and wear
parameters'> . Specific Wear Rate ( SWR), WEar
(WE) and Coefficient Of Friction ( COF) are key
criteria for assessing wear performance of HMMCs.
These criteria depend on the mechanical properties of
reinforcements the

and matrix, percentage of
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reinforcements, Applied Load ( AL ), Sliding
Distance (SD), and the sliding velocity*~*. Slight
variations in the composition of reinforcements and
wear parameters have shown either superior or inferior
performance Bl

To evaluate the wear performance, researchers
need to conduct a large number of experiments, which
consume a lot of time, effort and cost. Hence, many
method and

Response Surface Methodology (RSM) to minimize

researchers employed the Taguchi

the time, effort and cost of experimentation. Satish

1.1 examined the effect of individual wear

Kumar et a
parameters on wear loss of A356 alloy-zircon metal
matrix composites using Taguchi’s L, Orthogonal
Array (OA) and concluded that zircon content was
the most influential factor on wear loss, followed by
the AL and SD. Vijaykumar et al.'” explored the wear
behavior of Al6061 composites with 6 —12 wt.% of
zircon using L,, OA and concluded that AL had a
major impact on wear performance, followed by the
speed and SD. Anusha et al.'®’ designed Al7178
composites with fixed 3 wt.% of B,C, TiO, and fly
ash for wear study using central composite design and
summarized that sliding speed was the most important
for wear rate, followed by AL and the interaction
between AL and SD. Ravikumar et al.' > evaluated the
wear loss and COF of Al7075/SiC/Al,O, composites
and showed that the content of reinforcements had a

1) studied the wear

major impact on them. Khan et al.
performance of LMI13 aluminium alloy composites
with SiC (0, 10, and 15 wt.% ) using L,, OA. The
variation in wt.% of SiC had a dominant effect on
wear rate and COF. Mohammad et al.'""’ developed
Al,O;-multi wall carbon nano-tubes reinforced A356
composites using electromagnetic  stirring  and
identified the optimal reinforcements for improvements
in tensile strength, hardness and ductility. Ravikumar
et al.''" studied the effect of quenching media, SiC
and Gr nano-reinforcements on the mechanical and
wear properties of Al7075 hybrid composites. Their
work proved that an increase in Gr content from 1% to
3% led to a significant reduction in wear loss and a

13]

marginal reduction in strength. Patel et al.'

investigated volume loss, volumetric wear rate,
volumetric wear resistance, frictional force, wear
depth, and relative wear depth of AA5052/B, C
composites and unreinforced AA5052. The results
showed that exhibited better

resistance and wear rates than the AA5052 matrix.
..

composites wear

Further, to improve the wear performance with
respect to multi-criteria optimization of the percentage
composition of reinforcements and wear parameters,
several researchers utilized a plethora of optimization
methods. Gajevic et al."*' improved wear performance
of Al/B,C composites using Taguchi method and
Artificial Neural Networks ( ANN). Stojanovic et al.'"™
carried out optimization of wear parameters for
A356/Al1,0, composites using RSM, ANN, genetic
algorithm and particle swarm optimization method,

and compared their results. Atta et al.''®

predicted the
wear rate of A356 Al-Si/Al,O, composites using
ANN and multiple regression methods. Muthu""”’
performed multi-criteria optimization of volume loss,
wear rate and COF for LM25
composites using the Taguchi method and Grey
Relational Analysis (GRA). Stalin et al.""® optimized

the wear rate in AA6063-Si, N, composites by using

frictional force,

ANN and teaching-learning-based optimization along
with GRA. Kumar''"®’ estimated the specific wear rate
for five types of AA356-Al,0,/SiC/Gr composites
using the Taguchi method and optimized it using a
hybrid method of analytical hierarchy process and
GRA. In addition, sensitivity analysis was conducted
to test its stability by varying the weights. Fountas
20 of A356/Al,0,
swarm

et al. optimized wear rate

nanocomposites using modern intelligence
algorithms such as grey wolf optimizer, moth-flame
optimizer, dragonfly algorithm, and  whale
optimization algorithm to get global optimum results.
Ragupathy et al.'”"’ predicted wear of AIMglSiCu
alloy composites using an adaptive neuro-fuzzy
inference system and RSM. Ambigai and Prabhu'*
investigated the wear performance of stir-casted LM6
Si;N,.

Furthermore, fuzzy logic was used to predict the wear

alloy composites containing Gr and
rate of Al-Gr-Si;N, composites and compare it with
the experimental results.

The aforesaid literature points out that these
research works have very limited applications of
MCDM methods and participation of decision-makers.
In fact, MCDM is not sufficiently explored to solve
though

consistent and considerably accurate results. Apart

wear optimization problems, it provides

from this, equal weights were assigned to the
considered wear criteria in the majority of earlier
studies. It means that preferences of decision-makers
were avoided, which might lead to bias and sub-
optimal results. On the contrary, MCDM methods
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allow decision-makers to choose criteria weights
(subjective weights) in line with their preferences.
Thus, there is scope for the application potential of
MCDM methods in deciding criterion weights and
optimization of the wear process'* /. In the recent
past, the Best-Worst Method (BWM), a subjective
weighting method, has been applied for solving
complex  optimization problems in  industrial
engineering due to its advantages such as a smaller
number of pairwise comparisons, less data
requirement, vector-based calculations, and reliable
results ™', It has

problems shch as logistics

been used
[26]

in decision-making

, selection of a robot'?"’ |

‘28] gelection of suitable

product development problem
machines and materials'® | etc. But it depends on
decision-makers’ pairwise judgments, which may
introduce subjectivity and potential inaccuracies.
Another effective MCDM ( Multi-Criteria Decision-
Making ) method, i.e., TODIM (TOmada de Decisao
Interativa Multi-criterio) was proposed by Gomes and
Lima'*’ to find the optimal route for transportation of
materials in a complex road environment. It mainly
focuses on the overall dominance degree of each
alternative over the others partially and globally. This
feature makes it superior to other MCDM methods. It
has been widely used in industrial engineering and
management areas such as identification of the best

location for a solar plant'®"' | supplier selection and
32] 33]

development | material selection problem'*
selection of inventory policy in supply chain'**' | etc.
Nonetheless, it has a drawback of a lengthy

calculation process that grows exponentially with the
increase in the number of criteria and the inability to
handle dynamic weights.

To date, BWM and TODIM had
applications in the field of parametric optimization of

limited

the wear process. Hence, it was decided to implement
an integrated approach of BWM-TODIM for multi-
criteria optimization of wear parameters for AA7075
HMMCs on SWR, WE and COF. The criteria weights
were decided by BWM and multi-criteria optimization
of SWR, WE, and COF was done by TODIM. In
ANOVA was
significant parameters

addition, performed to identify

affecting all criteria, and
confirmation experiments were carried out. Further,
SEM analysis was done to confirm the better surface
integrity at optimal parameters obtained by TODIM.
To wvalidate TODIM,

performed to test its robustness and reliability by

the sensitivity analysis was

modifying the criteria weights, varying 6 values,
comparing it with popular MCDM methods and a
multi-response optimizer like CDF. Finally, beyond
validated
statistical test like Bootstrapping for ranking robustness
of TODIM. The major contributions of the study are
summarized as follows:

HMMCs
Identification of a range of the percentage
production of AA7075/Al,0,/Gr

composites and comprehensive evaluation of their

the sensitivity analysis, it is through

development & characterization

reinforcements,,

wear behaviour using SEM and EDAX analyses.

- Methodology : Introduction of the integrated
BWM-TODIM method for multi-criteria optimization
in wear studies, enabling reliable ranking and
parametric optimization.

- Robustness & statistical validation: Verification
of results through ANOVA , confirmation experiments
and sensitivity analysis, ensuring both robustness and

statistical significance of TODIM.
1 Experimental Details

1.1 Design of Experiments

After a critical examination of the literature,
ranges of Al,0,(0-3%) and Gr (2% —-6% ) were
considered cautiously for better wear performance of
HMMCs!* * 1% 2] A majority of the literature on
wear studies revealed that AL and SD were dominant
3:8.9.5]  Hence, AL
considered. Based on the pilot experimentation, AL
limited to 30 N and 2000 m,
respectively. Table 1 shows the wear parameters and
their levels. Taguchi’s L, (2'%x 3°) OA was chosen
because the degrees of freedom (7 ) for these

parameters and SD were

and SD were

parameters are less than those of the selected OA. OAs

are used to design experiments/wear tests
economically and make it possible to study every
process parameter level with the fewest possible

') Table 2 indicates a combination of parameter

trials
levels and corresponding wear test results.
1.2 Materials and Methods

AA7075/A1,0,/Gr HMMCs can be used for
automobile parts such as brake discs, driveshafts,
suspension parts, etc.; aerospace parts such as landing
gear components, transmission and fuselage
components, etc., and other applications. For the
production of these composites, AA7075 was used as

the matrix material and its chemical composition is:
© 3.
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Zn, 5.4 wt.%; Mn,0.12 wt.% ; Cu,1.42 wt.% ; Mg,
2.42 wt.%; Cr,0.21 wt.%; Fe, 0.42 wt.%; Al-
balance. Particulate reinforcements Al, O, and Gr of
sizes 40-50 pm were chosen to prepare the HMMCs.
Al,O,was chosen as primary reinforcement due to its
high hardness, wear resistance, stability at higher
temperatures, relatively low cost and availability'' .
Gr was chosen as secondary reinforcement due to its
high melting point, self-lubricating property and high

[1-2

wear performance'' "2/, As a secondary reinforcement,

Gr can significantly enhance tribological properties
when combined with a harder primary phase Al, O,.
Gr makes the hybrid composite more resistant to
wear, although the hardness increase is heavily
dependent on the presence of Al, O, particles as the
Further,

systematic exploration of how

primary reinforcement. multiple weight

percentages allow
reinforcement amount aids in optimizing the trade-offs
among various criteria such as SWR, WE and

COF'%.,

Table 1 Wear parameters and their levels

Level Alumina (Al,O3;) A ( wt.%)  Graphite B (Gr) ( wt.%) AL C (N) SD D (m)
1 0 2 10 1000
2 3 4 20 1500
3 - 6 30 2000

Table 2 L, (2' x 3’) OA and wear test results of SWR, WE and COF (initial decision matrix)

Expt Parameter levels Wear test results ( mean+SD)

No. A B c D SWR (x107*) (mm*/N - m) WE( um) COF

A 0 2 10 1000 8.390+0.412 58.330+0.95 0.144+0.001
A, 0 2 20 1500 7.371+0.434 117.650+2.98 0.222+0.005
Ay 0 2 30 2000 6.452+0.694 166.370+9.31 0.282+0.008
Ay 0 4 10 1000 8.216+0.267 39.330+1.69 0.115+0.004
As 0 4 20 1500 6.348+0.041 155.020+4.16 0.205+0.004
Ag 0 4 30 2000 6.296+0.193 161.410+13.38 0.245+0.002
A, 0 6 10 1500 6.748+0.046 45.030£1.40 0.113+0.014
Ag 0 6 20 2000 4.834+0.208 115.830+2.46 0.165+0.012
Ay 0 6 30 1000 6.139+0.198 139.270+12.74 0.188+0.019
Ay 3 4 10 2000 6.168+0.279 52.110+1.53 0.168+0.010
Ay 3 4 20 1000 3.493+0.044 106.780+3.26 0.155+0.018
A, 3 4 30 1500 2.743+0.093 125.470+8.88 0.258+0.015
A 3 4 10 1500 6.114+0.418 38.230+0.24 0.128+0.014
Ay 3 4 20 2000 3.975+0.066 110.511+3.17 0.164+0.001
Ags 3 4 30 1000 3.347+0.141 127.190+9.44 0.246+0.010
A 3 6 10 2000 5.554+0.501 46.780+0.55 0.122+0.002
Ay 3 6 20 1000 3.368+0.114 96.250+10.22 0.170£0.017
Ajg 3 6 30 1500 2.879+0.034 81.320+1.26 0.198+0.004

A simple and economical stir casting method >’

was preferred for the production of AA7075/Al,0,/
Gr HMMCs. AA7075 blocks were charged in a
crucible furnace and heated to ~ 800 C for 30 min.
The alloy was stirred using a mechanical stirrer and
afterwards preheated Al,0,(0 and 3% ) and Gr (2%,
4% and 6% ) particles were added to the molten metal.

4 .

The whole mixture was stirred continuously at
300 r/min for 15 min. Mg was added intermittently to
the mixture for better wettability of the matrix and
reinforcements. This mixture was poured into the mold
cavity of size 12 cmx5.5 ecmX1.8 cm and cooled down
to room temperature. In the same way, six composite

molds with different compositions (as shown in Table
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3) were produced. Using CNC turning, six cylindrical

pins with (@8 mm

and a height of 40 mm were

machined from these composite molds as per ASTM-
G99 standard, as shown in Fig.1(a).

Table 3 Compositions of six pins (wt.%)

Pin No. AAT075 Al, 0,4 Gr Total
M 98 0 2 100
S, 96 4 100
s, 94 0 6 100
S, 95 3 2 100
Ss 93 3 4 100
Se 91 3 6 100

For characterization, SEM images and EDAX
spectra were taken for all six pins. Two samples of
them, i.e., S, and S, are shown in Fig.1. It is evident
from Figs.1(b) and 1(d) that Gr particles are fairly
well dispersed in the matrix and seen as a dark gray
phase. Fig.1(d) indicates that Al,O, particles are seen
as white particles and surrounded by the Gr phase.
EDAX spectrums, i.e., Figs.1(c) and 1(e) show
elements like aluminium (Al), Gr (C) and oxygen
(O) with high-intensity peaks and other elements,
such as Fe, Cu, Zn, Mg and Mn with low-intensity
peaks. These graphs confirm the proper mixing of

reinforcements and the matrix.

(b) SEM image of pin S,

(d) SEM image of pin S,

(a) Six wear pins
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(c) EDAX spectrum of pin S,

Element Weight %
O CK 10.38

MgK 3.0l

CrK 3.47

FeK  10.59

ZnK 234

Cr\ ‘.

0 1.00  2.00 3.00 400 5.00 6.00 7.00

Energy(KeV)
(e) EDAX spectrum of pin S,

Fig.1 Six wear pins, SEM images and EDAX spectrums of samples S, and S,

1.3 Wear Tests and Measurements

It was important to conduct the wear tests
carefully to get accurate results. However, the main

objective of this study was to apply the BWM-
TODIM approach for multi-criteria optimization of
SWR, WE and COF. Every wear test was conducted

. 5.
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twice on a pin-on-disc wear and friction tester ( Make-
Magnum Engineers, India) as shown in Fig.2. The
pin and the counter disc ( steel with 55HRc) were
cleaned by acetone before each test. The load was
applied when the pin was pressed against the counter
disc rotating at a constant speed of 500 r/min. The

load was applied to the pins using a lever arm
mechanism. As wear tests were being conducted, the
experimental values of WE and COF were directly
recorded by the data logger system attached to the
machine and average values of WE and COF were
obtained.

Fig.2 Pin-on-disc wear and friction tester

The true density ( p,) of each pin was
determined using Archimedes’ principle and a digital
weighing balance with an accuracy of 0.001 mg.
Then, SWR was calculated using Egs. (1) — (4)",

p, = (m/(m —m;)) p, (1)
AW =W, - W, (2)
AV =AW/ p, (3)
SWR = AV/( AL x SD) (4)

where m represents the mass of pin in air, m, is the
mass of the same pin in distilled water; p, is the
density of distilled water (998 kg/m’); AW is the
weight loss of pin; W, is the weight of pin before
wear test; W, is the weight of pin after wear test; AV
is the volume loss of test pin.

2 MCDM Methods-BWM and TODIM

BWM requires a lesser number of comparisons,
i.e., 2j—3 (j is the number of criteria) only with
simple calculations. It adopts integers from 1-9 rather
than fractions to decide weights. To estimate the
weights from the pairwise comparisons, it involves
solving a linear model. The decision-makers choose
the best and worst criteria as references from a set of
criteria for assessing the weights of each criterion. In
the present study, the references were identified
through expert-based pairwise scoring ( Consensus
method ) sheets for SWR, WE and COF. The

.6 -

following steps are involved in BWM'™' ,

Step 1:Define a set of criteria.

Step 2. Define the best and worst criteria.

Step 3:Define the importance of the best criteria
over other criteria (A, ;) using a scale 1-9. The
decision-maker determines a vector called Best-to-
Other vector ( A, ) given by Eq.(5).

Ay = (ay,ap, ag, - ,a,) ;

j=1,2,- m,and Ay =1 (5)
where a,, represents the importance of the best criteria
over criteria 1 and so on, a, is the importance of the
best criteria over criteria m , Ay, is the importance of
the best criteria over itself.

Step 4. Define the importance of other criteria
over the worst criteria (Ajw) using a scale 1-9. The
decision-maker determines a vector called Other-to-
Worst vector ( Ay, ) given by Eq.(6) :

Ay = (ayy, a5y, a5y, ’amw)T;
j=1,2, mand Ay, =1 (6)
where a,y represents the importance of the criteria 1
over the worst criteria and so on, a,y is the
importance of the criteria m over the worst criteria,
Ayy 18 the importance of the worst criteria over itself.

Step 5. Calculate optimal weight (w,, w, and
w, ) for criteria j in such a way that it minimizes the
maximum absolute differences | (w,/ w;) - ay| and
| (w,/ wy) — Ay | for j. Ref. [ 15] developed the
linear BWM, as provided by Eq. (7), based on total
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weight = 1 and no negativity constraints.
Minimize A
S.t.:

‘wi— a;, W,

s A, \wB_aijj\ s A,
Dw=1lw=0,j=1,2,3m (7)
j=1

where , A represents the indicator of the consistency of
the comparisons. The lower A value represents higher
consistency.

Step 6. Calculate the Consistency Ratio ( CR)
using Eq. (8). Here, the Consistency Index (CI)
value can be selected from Table 4 based on the
importance of the best criteria over the worst criteria
(agy ) - The comparison is considered more consistent
and acceptable when the CR value is closer to zero.

CR =A/CI (8)

Table 4 CI value of ag,,

Agy CI value agy CI value
1 0 6 3.00
2 0.44 7 3.73
3 1.00 8 4.47
4 1.63 9 5.23
5 2.30
TODIM is based on prospect theory and

resembles its gain or loss function due to its similar
shape functions. It deals with differences in a pair of
alternatives with respect to criteria. Then, it sums up
all measurements of gains and losses for each
criterion. The main aim of TODIM is to measure the
dominance degree of each alternative over others
using prospect value functions. Also, it determines
how much each alternative dominates the others on a
partial and global basis before ranking the alternatives
under consideration. The mathematical steps involved
in TODIM are given below'™’.

Step 1: Construct the Decision Matrix ( DM )
with the number of alternatives (k) and the number

of criteria (m) as indicated in Eq. (9) :

Xy X T Xy,
X x ces x
_ _ 21 22 2m
DM =[x ],., = (9)
xnl xn2 o xnm

where x, represents the value of " alternative
corresponding to j* criterion, and k=1, 2,---,n and
j=1,2,- m.

Step 2: Normalize DM by considering beneficial

and non-beneficial criteria using Eqs. (10) and (11)

respectively. In the present study, all criteria are non-
beneficial.

n

P, =x,/ 2 x;,for beneficial criteria  (10)

i=1
pP,= (I/ xi/.)/ z (1/ xij) Jfor non-beneficial criteria
i=1
(11)

where P, represents the normalized value that lies
between 0 —1.

Step 3: Derive the criteria weights (w,) and
calculate the relative weight (w, ) of criteria (w,)
using reference criteria weight (w,) and Eq. (12). In
this study, SWR is the reference criteria with the
highest weight of 0.5833.

w, =w,/ w, (12)

Step 4: Calculate the dominance degree (5(A;,
Ay )) of the alternative A, over the alternative A,
employing Eq. (13):

§(A,;,A4,) = X ®(A,,A,) Y (i) (13)
j=1

.t . .th . .
where, A reprensents the i" alternative of j" criteria,

«th

Ay is the k" alternative of /" criteria.

In the above equation, ®(A;,A,) concerning

iy
criterion j is evaluated using Eq. (14) .
DA, Ay) =

W, (Plj

iy

-P,)
i wL”
j=1

=
0,if (P, = P,) =0

Jif (P, - P,) >0

l(gmﬂﬁ-%>
) w

cr

Jif (P, - P,) <0

(14)
where (P; = P,;) > Oand (P, - P;) < O specify
the gain and loss of the i" alternative over the k"
alternative, respectively. In prospect theory, different
shapes of the value function may be obtained with
different values of # in the negative quadrant. In this
study, @ = 1 is considered* ¥/

Step 5: Determine the overall dominance degree

(¢, ) of the alternative A, using Eq. (15) ;
l,[/[ = [( ZS(A[,',A/C/) -
j=1

minz 6(Aij7 Akj) )/ (max
=1

7

B(Aéf’Akj) -
i=1

minZé(Aij,Akj))] (15)

.7 .
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Step 6:
descending ¢, values. The best and worst alternatives

Rank the alternatives according to

correspond to the maximum and minimum values of
Y, ,respectively.

The flowchart of the proposed BWM-TODIM
methodology for multi-criteria optimization is shown
in Fig.3.

3 Results and Discussion

This section presents the results of applying

Start

TODIM

BWM to determine weights of criteria, followed by
TODIM to rank the alternatives under consideration
and identify the best and worst alternatives.
Subsequently, ANOVA results are discussed to
identify the significant process parameters and to
complement the results of TODIM. SEM and EDAX
analyses of worn surfaces corresponding to the best
and the worst surfaces are done as the microstructural
evidence of the optimized results provided by
TODIM.

BWM

- T —— —— — — —

N

~
~

v’

-

Production of AA7075/A1,0,/Gr composites
via casting method and characterization

- S

v

Perform wear tests as per L (2'%37)
orthogonal array and obtain results

B

Construct normalized decision matrix
for selected criteria-SWR,WE and COF

+

Compute the dominance degree of each
alternative over others ((S(A,.,.,A k].))

v

Compute overall dominance degree of each
alternative(y,)
.

Multi-criteria optimization using
BWM-TODIM

v

-
Perform ANOVA and conduct confirmation

experiments
- S

v

(F ~
Wear surface characterization using

SEM and EDAX analysis

-~
Sensitivity analysis and statistical validation
of TODIM

J

~
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.
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~
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.
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R
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v

Define the best and the worst criteria

v

Define Best-to-Others and Others-to-Worst
vectors

| ]

I
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I
I
I
I
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I
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Obtain optimal weights of criteria and
relative weights

Fig.3 A flowchart of BWM-TODIM methodology for multi-criteria optimization
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3.1 Multi-Criteria Optimization using BWM-

TODIM

In this study, a set of criteria, i.e., SWR, WE
and COF was considered. As per Step 2 in Section 2,
Expert-based pairwise scoring sheets were evaluated
by three experts with more than ten years of
experience each, i.e., an academician, a design
engineer and a process engineer. The sheet included
correlation with

aspects such as service life,

comparability across tests, decision usefulness,

standardization and acceptance, and sensitivity of
these criteria in the scoring sheet. Based on these
scores, SWR and WE emerged as the best and worst
Best-to-Others and

Others-to-Worst vectors were constructed as shown in

criteria, respectively. Later,

Table 5. The optimal weights were obtained using

BWM Excel Solver as 0.5833, 0.1111 and 0.3056 for
SWR, WE and COF, respectively,as shown in Table
6. The consistency ratio (CR = 0.05) confirmed
acceptable judgment reliability. The weights were
used as inputs to TODIM. A decision matrix of m
criteria and n alternatives ( Table 2) was normalized
using Eq. (11). The ¢, value for each alternative was
then calculated using Egs. (13)—(15) and ranked in
descending order (as shown in Table 7). The results
indicated A, (A, B, C, D;) as the best alternative
(rank = 1) with desirable values ( SWR =5.554 x
10 mm’/N - m, WE=46.78 um, COF=0.122),
while A, (A, B, C;D;) as the worst (rank = 18),
showing undesirable values (SWR = 6.452 x 107*,
WE=166.370 wum, COF=0.282).

Table 5 Best-to-Other and Other-to-Worst vectors

Best-to-Other vector

Other-to-Worst vector

Best criteria SWR WE COF Worst criteria WE
SWR 1 5 2 SWR 5
WE 1
COF 3

Table 6 Optimal weights and relative weights

Criteria SWR(mm?/N - m) WE (um) COF
Weight (W;) 0.5833 0.1111 0.3056
Relative weight (W,,) 1.0000 0.1905 0.5239
CR = 0.05
Table 7 ®(A; A,;) ,6(A;, A,;), ¥, values and ranking of alternatives
Dominance of A, D (A4;,45)
Total No. 8(A;,4;) ¥ Ranking
over others  SWR(mm?/N - m) WE(um) COF
(A, Ay) 0 0 0 0 A, -5.1787% 0.6754 10
(A, Ay) -0.0850 0.0645 0.0814 0.0609 A, -11.2074* 0.2427 15
(A, A3) -0.1252 0.0731 0.0960 0.0439 A, -14.5889 0 18
(A, A) -0.0333 -0.5678 -0.2256 -0.8267 A, -1.1531 0.9643 4
(A, As) -0.1296 0.0717 0.0749 0.0170 As -12.0737 0.1805 16
(A, Ag) -0.1318 0.0725 0.0881 0.0289 Ag -13.3764 0.0870 17
(A, A7) -0.1127 -0.4440 -0.2353 -0.7920 A, -0.9250 0.9807 2
(A}, A) -0.1960 0.0648 0.0490 -0.0823 Ag -7.0522 0.5409 13
(A, Ay) -0.2987 0.0692 0.0664 -0.1631 Ay -7.0433 0.5416 12
(A, Ay) -0.1372 -0.2823 -0.2642 -0.6836 Ay -1.0470 0.9719 3
(A, Ay) -0.2706 0.0611 0.0366 -0.1729 Ay -4.3138 0.7375 9
(A, Ap) -0.3279 0.0664 0.0913 -0.1702 A -7.4066 0.5155 14
(A, Ap) -0.1394 -0.5924 0.0479 -0.6839 A -1.4388 0.9438 5
(A, Ay) -0.2467 0.0624 -0.2786 -0.4629 Ay -2.7409 0.8504 6
(A, Aj5) -0.3026 0.0668 0.0686 -0.1672 A -6.3361 0.5923 11
(A, A) -0.1633 -0.4060 -0.1908 -0.7600 A -0.6558 1.0000
(A}, Ay) -0.2790 0.0570 0.0537 -0.1684 Ay -4.2122 0.7448
(A, Ag) -0.3162 0.0483 0.0717 -0.1962 A -3.4789 0.7974
6(A;, Ap) -5.1787%

Note: The symbol  $ ’ represents the dominance of A, over other alternatives; The symbol ‘#’ represents the dominance of A, over other alternatives

and so on.

.9.
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3.2 ANOVA of ¢, and Confirmation Tests

While TODIM provides a ranking of alternatives,
ANOVA was employed to statistically validate the
significance of process parameters influencing ¢, . The
ANOVA results ( as shown in Table 8), obtained
using Minitab 19 software, revealed AL, Al,O; and
Gr as highly significant (p < 0.05), with AL
contributing the most (46.00% ), followed by Al,O,
(27.22%) and Gr (10.51%). As shown in Fig. 4, i,

increased with Al,O, and Gr but decreased with AL
and SD. The optimum levels were identified as A, B,
C,D,. Although these levels fall outside the L,; OA,
TODIM predicted the best alternative as A,,( A, B, C,
D, ), which lies within the OA. Since SD was
insignificant, its effect on ¢, was negligible. Overall,
the optimal parameters derived from ANOVA and

TODIM are equivalent, confirming the robustness of
the TODIM findings.

Table 8 ANOVA of ¢,

Source DF Seq SS Adj SS Adj MS F P Contribution( % )

Al, O, 1 0.48036 0.48036 0.480363 88.28 0.011" 27.22

Gr 2 0.18549 0.18549 0.092747 17.04 0.050 " 10.51

AL 2 0.81169 0.81169 0.405846 74.58 0.013" 46.00

SD 2 0.05821 0.03126 0.015628 2.87 0.253* 3.30
Al, 05 x Gr 2 0.06472 0.06472 0.032360 5.95 0.144* 3.67
Al,O; x AL 2 0.06515 0.11052 0.055260 10.16 0.090* 3.69
Gr x AL 4 0.08794 0.08794 0.021984 4.04 0.208* 4.98
Residual error 2 0.01008 0.01008 0.005442 0.57

Total 17 1.76445 100.00

Note: The symbols © =’

and ‘#’ represent significant and insignificant parameters at 5% confidence level; Seq SS represents the sequential sum of

squares; Adj SS is adjusted sum of squares; F is the Fischer ratio; P is the probability value;R*>= 0.9938 and R* Adj. = 0.9514

ALO(W%)| Gr(wt%) | AL(N) SD(m)
0.9: .
\
\\
0.8 @ \
i:g / @ \
‘;" 0.7 /'/ / H‘\ ®\
> / / l\l \
/ / \ \
0.6+ / 4 \ Ay
/ / \ ~e
/ ¢ \
0.5- / \
¢ \
Y
0.4:

0 3 2 4 6 10 20 3010001500 2000

Fig.4 Main effects plot of ¢,

3.2.1 Comparison and Confirmation of ANOVA Results

For comparison and confirmation of results, tests
were conducted twice at the optimum parameter levels
and average values were used for analysis. The
predicted ( ¢, ) .., values were calculated based on the
additive model"®’ for all terms (as shown in Table 8)
using Eq. (16). The predicted ( ¢, )., was close to
that of experimental value, as shown in Table 9.

(W) o = (B, + ; (W) - (¥), (16)

here ( ¢, ), represents the overall mean of ¢, values.

¢, is the mean of ¢, at optimum parameter levels
(Table 7).

Table 9 Predicted and experimental values of ¢, at optimum parameter levels

Optimum parameter levels Predicted ( ¢, )

pred Experimental () , Percentage deviation( % )
A,B,C,D, 0.9861 0.9356 5.40
Further, the comparisons of SWR, WE and COF  substantiate the wear parameters obtained from

were made at optimum and commonly used wear
parameter levels, as shown in Table 10. Commonly used
parameters A, B, C, D, were considered in the present
study. It can be seen that percentage improvements in
SWR, WE and COF at optimal parameters are 41.10%,
5.98% and 19.44% , respectively.
3.3 Wear Surface Characterization Using
SEM and EDAX Analyses
SEM and EDAX analyses were carried out to

.10 -

TODIM results. It can be seen from Fig. 5 that there
exists predominant abrasive wear due to the presence
of grooves on both surfaces, but their degree of
occurrence is different. The worn surface of the best
alternative A, exhibited fine grooves, minimal debris,
and negligible delamination, attributed to Al,O, load-
bearing particles and a thick tribo-layer at 6% Gr. In
contrast, A, showed deep grooves, heavy debris, and
severe delamination due to ploughing action and the
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absence of load-bearing particles. Consequently, A,
demonstrated lower SWR, WE, and COF than A,.
Both EDAX spectra (Figs. 5(b) & (d)) revealed the
presence of C that corroborates the formation of the Gr
tribo-layer, which accounts for the less wear. O

contents of 33.04% (A, ) and 48.93% (A,) confirm
the formation of oxide layers and oxidative wear.
Also, traces of Mg, Al,Cr, Mn, Fe, Cu and Zn,
alloying elements of AA7075, were observed.

Table 10 Results of confirmation experiments

Parameter levels

Criteria

SWR(mm?/N - m) WE( wm) COF
Commonly used parameters (A,B,C,D,) 8.390 58.330 0.144
Experimental values at optimum parameter levels (A,B;C,D,) 4.941 54.840 0.116
Improvement( % ) 41.10 5.98 19.44
Quantitative analysis of worn surfaces considering ~ (0.066 grooves/pm), suggesting finer groove

average wear track widths (W,, W, and W,), groove
density, and particle pull-out areas (1-4) in Figs. 5
(a) & (c) was done using Image-J software. Table 11
shows that A, exhibited a wider but shallower track
(815.6 wm) than A;(579.8 wm), attributed to plastic
deformation and micro-plugging at low load. In
contrast, A, displayed narrower yet deeper tracks,
indicating greater material loss. Groove density was

slightly higher for A,;(0.075 grooves/um) than for A,

.—— Reinforcements

formation. Pull-out area was also larger in A
(506.2 wm®) compared to A,(245.8 pm”). It may be
due to the severe wear in the A, surface that promotes
material flow over the surface with fewer visible pull-
out areas. Overall, the analysis confirms that A ¢ had
less material loss than A,, indicating superior wear
performance. Thus, SEM and EDAX results align with
the optimized parameters suggested by the BWM-
TODIM method.

;\. Element Weight %
o4 1631 P CK  13.13
: 0t ok s
: ~ 59.5- MgK 0.74
Mo pie [ CAK s
ﬂ__‘ pull-out é | CrK  2.53
7 s g s Mk s
87 ” Z 3407 FeK 234
Delamination E 255+ _
ST i 1rako ZnK 173
™\ Abrasive 8.5
grooves 0 J . . ) . " ‘
0 1.3 2.6 39 52 6.5 7.8 9.1
Energy(KeV)

(a) SEM image of the worn surface of the best alternative (4, )

—~

Intensity(Counts

(¢) SEM image of the worn surface of the worst alternative (A3)

Fig.5 SEM images and ED

(b) EDAX of the worn surface of the best alternative (4, )

Element Weight %

603 - CK 8.40
53.61 0K 4893
46.9 - MgK  3.10

L - AKK17.68
40.2 CrK  3.85
i MK Ly
26.8 - FeK  10.39
201+ - Gk 227
134 - A ZnK  4.02

6.7-C M Fe
0 i L
0 1.00  2.00 3.00 4.00 5.00  6.00 7.00
Energy(KeV)

(d) EDAX of the worn surface of the worst alternative (4,)

AX spectrums of worn surfaces
<11 -
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Table 11 Quantitative analysis of worn surfaces

Analysis results Average wear track width( um)

Groove density ( grooves/ pm) Particle pull-out area( um?)

Best alternative (A,q) 815.6 0.075 506.2

Worst alternative (As) 579.8 0.066 245.8
remainder equally distributed. While in M,, equal
4 Sensitivity Analysis and  Statistical weights ( 0. 33) were used ™. The TODIM

Validation of TODIM

Sensitivity analysis is important for the validation
of the robustness and reliability of a chosen MCDM
method"*). This section presents four methods, i.e.,
modification of criteria weight, comparison with other
MCDM methods,
comparison with CDF to asses the robustness of
TODIM. In addition, a statistical validation test is
also done using Bootstrapping to asses the significance

variation of 6 values, and

procedure was repeated under each modification, and
the resulting rankings are shown in Fig. 6. It was
found that A, was consistently identified as the best
and A, as the worst alternative. Although minor shifts
the overall

in middle rankings were observed,

outcome remained unchanged, confirming the

robustness of TODIM against weight modifications.

Table 12 Modifications of criteria weights

Criteria weights

Modification No.

3 .
of the difference in rankings obtained by TODIM. SWR(mm’/N - m) WE(pm) COF
4.1 Effect of Modification of Criteria Weight M, 0.5000 0.2500 0.2500
on TODIM Ranking M, 0.2500 0.5000  0.2500
In this section, the criteria weights were M; 0.2500 0.2500 0.5000
modified using four modifications (M, - M, ) as M, 0.3300 0.3300  0.3300
shown in Table 12. In M, - M,, a strong weight Present study 0.5833 0.1111 0.3056
(0.5) was assigned to one criterion, with the
18 B B B . o e
17 —— A,
I e———— e T
: :
— A,
13
12 A(»
11 4
o )<>< —— i,
P 9 —tr— A,
5 8 \ —_ 4,
7 v - A,
/\
6 / \ P \ —p— Alz
5 — A,
4 — A,
3 4
2 - - - - Al(»
1 4,
0 A
Present study M, M, M, M,
Modified weights
Fig.6 Effect of modified criteria weight on the ranking of alternatives
4.2 Effect of MCDM on Ranking based on Distance from Average Solution

In this analysis, TODIM was compared with six
different popular MCDM like Simple Additive
Weighing (SAW)'*! | Multi-criteria Optimization On
the basis of Ratio Analysis (MOORA ) ) Evaluation

.12 -

(EDAS) " | GRA'" | VIKOR"' and Technique for
Order Preference by Similarity to Ideal Solution
(TOPSIS) ' for rankings of alternatives with BWM
weights and the corresponding rankings are shown in
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Fig. 7. It revealed that A,, evolved as the best
alternative (rank = 1), whereas A, as the worst
alternative (rank = 18) for all methods except GRA.
Major shifts in the rankings of other alternatives of
TODIM were observed. This may be due to the fact
that TODIM uniquely incorporates gains and losses

which are treated as non-linear functions, whereas

18 r
17 F
16 F

— N W B~ W
T T T T

(=]
T

gains and losses of other MCDM methods are treated
as linear/distance-based functions. In addition, shifts
may also happen due to differences in assumptions,
variations in procedures and computational steps of

MCDM methods, and different normalization
methods™*" .
— 4,
e —— 4,
- - -
< —— A4
—— 4
—_— AG
—— A,
AX
$'< — 4,

Ranks

X —-— A

TODIM SAW MOORA

S = N W A <|J- o'\ = 0 O
S 3 ;
i, 3 : ;
. 3 ;
- [ X 4
tt
'S :m

EDAS

GRA VIKOR TOPSIS

MCDM method

Fig.7 Effect of MCDM on ranking of alternatives

The Spearman’s correlation coefficient (R,) is
used to find out the deviation of one method from the
other. It establishes the degree and direction of the
relationship between the variables that are ranked.
User’s guide to correlation coefficients ' suggests
that a correlation is considered as ° strong’ with
accepted values >+ 0.7, ‘ moderate’ with accepted
values ~ £0.40 - 0.69 and ° weak” with accepted
values <+0.40. R_ is calculated using Eq. (17) and

ranges between —1 and +1.

Ri=1-1[62 d°/(n’ -n)]
i=1
Here, n represents the number of alternatives, d, is

the difference in rank of i™ alternative of two MCDM

methods.

(17)

The heatmap of correlation coefficients ( as
shown in Fig. 8) shows that TODIM exhibits strong
correlation with VIKOR (R, =0.72)'* moderate
correlation (R, = 0.40-0.50) with other methods,

and weak correlation with TOPSIS (R, =0.29). This
indicates consistency between TODIM and VIKOR,
with  TOPSIS.
observations were reported in earlier studies'®’ ', As
noted in Ref. [46], if the top-ranked alternatives

while deviations occur Similar

remain stable despite changes in middle and low-
ranked positions, the method can be considered
robust. Accordingly, TODIM 1is robust to these
methods, as the top two alternatives (A, and A, )
remained unchanged.
4.3 Effect of Variation of 6 on TODIM

Ranking

TODIM robustness was examined by varying the
sensitivity parameter # (1-10)'?). Since losses are
penalized by the factor (=1/ 6 ) in Eq.(14) heavily,
even small losses can influence rankings. As shown in
Fig.9, A, held rank 1 for # =1-6 and rank 2 for 0 =
7-10, likely due to higher losses relative to A,, at
higher 6 . A, consistently remained the worst (rank =
18), while only A, and A, showed noticeable

<13 .
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fluctuations, reflecting TODIM’s non-linear gain/loss
Overall , stable,
confirming the robustness of TODIM with variation of 6

functions. rankings were largely

for wear parameter optimization.

1.0

TODIM
SAW 0.8

MOORA
0.6

EDAS
GRA 0.4
VIKOR 0.72 0.82 0.70 0.72 0.83 02
0

=
)

TODIM
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2]
=
%)
=)
o
=

MO

Fig. 8 Spearman’s correlation coefficients of

MCDM methods

4.4 Comparison of TODIM Ranking with CDF
Results
TODIM and CDF
approaches to multi - criteria optimization. TODIM,

represent two  distinct

grounded in prospect theory, evaluates alternatives
through relative dominance and loss-gain functions,
producing a complete ranking. In contrast, CDF is
commonly applied in the design of experiments and
methods' ). Tt
criterion into a desirability index (0 - 1) and

response  surface converts each
aggregates them into an overall desirability score (D)
to identify a single optimal solution. While CDF
cannot rank all alternatives, its optimal results can be
used to validate TODIM results.

Using Minitab 19 software with the response
optimizer and desirability function, the optimal
parameter levels for SWR, WE, and COF were
obtained as follows: 3 wt.% AlLO,, 6 wt.% Gr,
21.1111 N AL, and 1000 m SD, with an overall
desirability ( D) of 0.7658, as shown in Fig. 10.
TODIM identified a similar solution but with a lower
AL = 10 N. Both methods highlight that a higher
percentage of reinforcement content and lower sliding
distance improve wear performance. The difference in
one parameter level like AL is in line with earlier
studies”’"*' underscoring the complementary role of
TODIM and CDF in validating optimal results.
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Fig. 9 Effect of 6 values on ranking of alternatives

4.5 Bootstrapping for Statistical Validation of
TODIM Ranking
Bootstrapping is a resampling-based statistical
method that generates multiple simulated samples
from a

single dataset, allowing estimation of

.14 -

variability , Confidence Intervals
(CI), and hypothesis testing without additional

experiments ', In this study,

standard errors,

a non-parametric
bootstrap procedure was applied to ¢, values to
enhance the robustness of TODIM using Python. A



Journal of Harbin Institute of Technology ( New Series)

total of 10000 bootstrap samples were generated by
resampling the data of SWR, WE, and COF with

estimates of mean, standard deviation, and 95% CI

for each alternative,

thereby quantifying ranking

replacement, and TODIM was repeated for each variability.
sample. The resulting i, distributions provided
: . A C D
Optimal  High 3.0 6.0 30.0 2000.0
D:0.7658 Cur [3.0] [6.0] [21.1111] [1000.0]
Predict  Low 0 2.0 10.0 1000.0
~ . __'_/__'_,_P,—-——" — N |
Composite
desirability
D:0.7658
COF \ e
Minimum | — ————"|" — — — — T A 1 T 1
y=0.1611
d=0.71537
WE \ \\ /
Minimum /N T T T /T T —_—
1=81.5776
d=0.66172
SWR
Minimum I
y=3‘7514 _____ | S | S —_— e — — 4
d=0.82142 \

Fig.10 Composite desirability plot

Table 13 summarizes TODIM rankings from
10000 bootstrap resamples. The results show that top
alternatives (A, A,, A, ) consistently dominate,
confirming ranking stability. The CI whisker plot, as
shown in Fig. 11, clearly separates top and bottom
ranked alternatives. A, is exhibiting narrow CIs and a
high probability of Rank 1, indicating statistically

robust superiority. This is further supported by
0-sensitivity analysis, where A remained Rank 1 for
0 < 6 and shifted only marginally at higher 8 values.
that A,’s

dominance is systematic and not random, thereby

Overall, these findings demonstrate

reinforcing the robustness and reliability of TODIM.

Table 13 Bootstrapping of TODIM rankings ( Samples = 10000)

Alternative ¥; (Mean+SD) 95% CI (Lower) 95% CI (Upper) Percentage of rank probability (%)
A 0.9996+0.0511 0.8947 1.0962 8.79
A, 0.9793+0.0512 0.8825 1.0804 8.61
Ay 0.9713+0.0482 0.8789 1.0635 8.54
A, 0.9634+0.0513 0.8630 1.0620 8.47
A 0.9442+0.0486 0.8472 1.0403 8.30
Ay 0.8536+0.0513 0.7504 0.9539 7.51
A 0.7990+0.0502 0.6978 0.8944 7.03
Ay 0.7463+0.0496 0.6543 0.8427 6.56
Ay 0.7355+0.0485 0.6418 0.8299 6.47
A 0.6764+0.0489 0.5833 0.7709 5.95
As 0.5939+0.0503 0.4945 0.6925 5.22
Ay 0.5425+0.0506 0.4426 0.6439 4.77
Ag 0.5419+0.0521 0.4401 0.6436 4.77
A, 0.5149+0.0507 0.4148 0.6131 4.53
A, 0.2462+0.0498 0.1494 0.3458 2.17
As 0.1780+0.0496 0.0760 0.2668 1.57
Ag 0.0847+0.0503 -0.0130 0.1888 0.74
A, 0.0003+0.0491 -0.0956 0.0977 0

.15 .
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Fig.11 Whisker plot of CIs of ¢, for all 18 alternatives

5 Conclusions

Dry sliding wear tests were performed according
to Taguchi’s L 4(2'x3’) OA for AA7075/Al,0,/Gr
HMMCs. The input parameters, such as Al,O,, Gr,
AL and SD , were varied considering the criteria such
as SWR, WE and COF. An integrated approach of
BWM-TODIM was used for multi-criteria optimization
of SWR, WE and COF. SEM analysis was conducted
to asses the surface integrity of the worn surface at
optimal parameter levels of TODIM. ANOVA of ¢,
was performed to identify significant parameters
affecting these criteria. Finally, a sensitivity analysis
and statistical validation of TODIM were done to find
its robustness and reliability. The findings of this study
are presented as follows

1) According to BWM, the best and worst criteria
were SWR and WE,

consistency ratio of pairwise comparison was found to

respectively. Further, the

be 0.05, which was close to zero and at an acceptable
level. It means that pairwise comparisons were more
consistent.

2) The BWM-TODIM approach revealed that
alternative A,,(A,B,C,D,) was the best alternative,
which provided desirable criteria, i.e., SWR=5.554x
107 mm’/N - m, WE=46.78 um, and COF=0.122.
While alternative A, (A, B, C, D, ) was the worst
alternative, which provided undesirable criteria, i.e.,
SWR =6.452x10"* mm’/N - m, WE =166.37 um,
and COF = 0. 282. The optimal parameters led to

.16 -

minimum values of SWR, WE and COF during the
wear process, ensuring better wear performance.

3) ANOVA results of ¢, indicated that AL, Al,O,
and Gr are highly significant for multi-criteria
optimization of SWR, WE, and COF and provided an
optimal solution as A,B,C,D,. Confirmation tests
indicated improvements of 41. 10%, 5. 98% and
19.44% in SWR, WE and COF, respectively.

4)SEM analysis of the worn surface of the best
alternative, A,,, showed better surface integrity in
terms of grooves, delamination and wear debris than
that of the worst alternative, A,. The average wear
track width, groove density and pull-out areas in the
worn surface of A, led to less material loss and better
wear performance than A;. Thus, these results aligned
with the optimized parameters suggested by BWM-
TODIM.

5) The sensitivity analysis of TODIM proved that
it is highly robust with the modifications of criteria
weights and R, values suggest that it has more
with  VIKOR  and
consistency with other popular MCDM methods.

consistency less/moderate
Further, it is fairly robust with variation of 6 values
and multi-response optimizer-CDF. Lastly,
Bootstrapping confirmed A, and A, as the best and
worst alternatives, validating the robustness and
reliability of TODIM. The outcome of the sensitivity
analysis is highly important since it boosts confidence
in TODIM results.

6) Various industries involved in the manufacturing
of aluminium hybrid composites can use such an
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approach to refine the wear process and help in

selecting the best parameters for high wear
performance and longevity of components.

the BWM-TODIM
approach can be used to address optimization problems
types

mechanical processes.

In view of future work,

for other of aluminum composites and

This study can be further
extended by selecting other subjective and objective
weighing methods.
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