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Abstract. To optimize single response problems conventiofeduchi method is popular in the design of expenihe
Performance evaluation of the manufacturing protesfien determined by more than one quality ottersstic. In this situation,
multi-characteristics response optimization is simdution to optimize multi-objective quality chatedstics. Present work is
aimed at simultaneous optimization of machiningbfgm using L8 orthogonal array (OA), and metaheigrisptimization
technique Particle swam optimization.To optimizechiaing parameters like cutting speed, depth of feetd and nose radius on
two different performance characteristics surfaoaghness (Ra) and material removal rate (MRR) dudrny turning of
austenitic stainless steel AISI 202 with cementadbide tipped tool. Predictions of Taguchi and P@@tches for single
objective optimization and PSO predictions for naollfective optimization are not satisfactory be@uothe less complexity in

the problem.
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1. INTRODUCTION

Austenitic stainless steels are two types, 20@seri
and 300-series. 300-series stainless steel is nvikly
used. But in Asian countries, 200 series stairdéssls have
become more common in view of rise in nickel pric&kSI
202 stainless belongs to the low nickel and higingaaese
stainless steel which contains below 0.25% Nicketl a
manganese 7.5 to 10%. AISI 202 stainless steelagvhk for
its high temperature strength than 18-8 steel 88@0with
good oxidation resistance. This steel is widely duse
architectural decoration, guard rail, hotel faeht shopping
malls etc.
Manufacturing industries focus their attention amface
finish and dimensional accuracy. To obtain idedtticg
parameters, they depend on the information availabl
machining handbooks and experience of the operator
fulfil surface finish and dimensional accuracy riegments.
These traditional approaches lead to inadequatéacsur
finish and reduced productivity due to substandzsd of
machining capability. This leads to low product lifyeand
high manufacturing cost [1]. Both material removate
(MRR) and surface roughness are important perfocaman
characteristics in turning operation. Hence, tlisra need
to optimize the machining parameters in an efficigay to
accomplish the requirements of two response cheniatits
by means of design of experiments and other dtatist
tools.
Taguchi's experimental desiga one of the efficient and
proven tool in industry to design robust experimaént
designs at reduced cost. These designs help tomimi

experimental trials especially when the numbergrotess
parameters are more. But Taguchi’'s DOE approach is
designed to optimize only single response problevis.
can't use this technique directly to optimize mu#tsponse
problems. Majority of the researchers concentrated
optimization of single response performance charéstic
with Taguchi DOE principles [2]. As the performancé
product/process is often evaluated by several tyuali
characteristics, it is required to consider mudsgonse
optimization. Many researchers proposed varioushaukst

to solve multi-response optimization problems by
converting into optimization problem of single respe [3-
6].

M. Kaladhar et al [5] published their work on multi
response optimization of AISI 202 austenitic siésl steel
for smaller surface roughness and larger mateeiadoval
rate during turning. They have proposed Taguchietbas
Utility concept to find the ideal combination of aiéning
parameters like cutting speed, feed, depth of adt rose
radius of the cutting tool to accomplish maximum RIBnd
minimum surface roughness values simultaneously.
Experimental results of Kaladhar et al, are taken a
reference for this study. Process parameters witbl$ are
givenin Table 1. L8 orthogonal array is selected tie
experimental design. Surface roughness (Ra) aneériakt
removal rate (MRR) are presented in Table 2.
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Tablel. Machining Parameters and levels

Code Factor: Low Level High Leve
A Cutting speed (m/mil 111 20C
B Depth of cut (mmr 0.2t 0.7&
C Feed (mm/rev) 0.15 0.25
D Nose radius(mm) 0.4 0.8

Table 2. Responses of Taguchi L8 experimental desig

Exp. Surface Material Removal Rat
No A B C D Roughness(Ra) (cm3/min)

1 111 0.25 0.15 04 1.32 4.162

2 111 0.25 0.25 0.8 1.56 6.937

3 111 0.75 0.15 0.8 0.813 12.487

4 111 0.75 0.25 04 2.736 20.812

5 200 0.25 0.15 0.8 0.7 7.5

6 200 0.25 0.25 04 1.713 12.5

7 200 0.75 0.15 04 1.3 22.5

8 200 0.75 0.25 0.8 1.683 37.5

2. METHODOLOGY

Following the standard Taguchi analysis, for minimRa,
higher values of S/N ratios are obtained at A2-B1B2

As per Taguchi's approach responses are optimized
individually, that is one response at a time.

2.1. Surface Roughness of AISI 202 Sted: Surface
roughness of any machined component should be mmim
According to Taguchi's methodology, smaller the téet
quality characteristic is to be used.Signal to Morstio
(S/N) of surface roughness, Ra is calculated ughey
formula -10 logo [R&f]. S/N values are presented in table 3.

settings as shown in Figure 1. Based on resporige ta
4,feed and nose radius are more significant in eang
good surface finish. Taguchi’s predicted Ra valud2B1-
C1-D2 settings is 0.460um. Actual experimental value
obtained is 1.713im, which is within the 95% confidence
interval. ANOVA results are presented in Table 5 an
corresponding regression equation is given in eguoiat

Table 3. Signal to Noise ratio of Surface roughness

A B C D Ra S/N (Ra)
111 0.25 0.15 0.4 1.32 -2.41148
111 0.25 0.25 0.8 1.56 -3.86249
111 0.75 0.15 0.8 0.813 1.798189
111 0.75 0.25 0.4 2.736 -8.74232
200 0.25 0.15 0.8 0.7 3.098039
200 0.25 0.25 0.4 1.713 -4.67515
200 0.75 0.15 0.4 1.3 -2.27887
200 0.75 0.25 0.8 1.683 -4.52168
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Fig 1. Main effects plotsafrface roughness

Table 4.Response Table for Signal to Noise Ratios

Cutting
Level Speed DOC Feed Nose radius

1 -3.3045. -1.9627° 0.0514° -4.5269!
2 -2.09441 -3.43617 -5.45041 -0.87199
Delte 1.2101: 1.4734( 5.5018t¢ 3.6549°
Rank 4 3 1 2

Table 5. Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Cutting Speec 1 0.1334 0.13339 1.88 0.264
DOC 1 0.1919 0.19189 2.70 0.199
Feec 1 1583! 1.5833: 22.2¢ 0.01¢
Nose radius 1 0.6687 0.66875 9.40 0.055
3

7

Error 0.2134 0.07112
Total 2.7907

Model Summary
S R-sc R-sg(adj R-sq(pred
0.26668! 92.35%  82.16% 45.63%

Regression Equation
Re = 0.707-0.0029(Cuttinc Speed - 0.62(DOC +8.9( Feed- 1.44¢ Nose radius- Eq.1
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2.2 Material Removal Rate of AlS| 202 steel rate. From standard Taguchi analysis, A2-B2-C2-Bifirgy
Material Removal Rate (MRR) should be high for any is best for high MRR with reference to high S/Nuesd at
machining operation. So, larger the betterquality various of process parameters and at these settings
characteristic is chosen and Signal-to-noise(S/tjoris predicted MRR is 32.21ctmin. Actual experimental value
calculated using the formula, -10 lgg1/(MRR)]. S/IN (Exp. No.8) is 37.5 cm3/min, which is within the %5
values calculated are presented in table 6. Mdetef plot confidence interval. ANOVA results are presentethivie 8

is shown in Figure 2. Based on response table thaggut and corresponding regression equation is preseied
and cutting speed are highly influencing materahoval equation 2.

Table 6. S/N ratio of Material Removal Rate

A B C D MRR(cm3/min) S/IN (MRR)
111 0.25 0.15 0.4 4.162 12.3860415
111 0.25 0.25 0.8 6.937 16.8234339
111 0.75 0.15 0.8 12.487 21.9291622
111 0.75 0.25 0.4 20.812 26.3662763
200 0.25 0.15 0.8 7.5 17.5012253
200 0.25 0.25 0.4 125 21.9382003

27.043650
200 0.75 0.15 0.4 22.5
200 0.75 0.25 0.8 37.5 31.4806254

Main Effects Plot for SN ratios
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Fig.2. Main effects plot for Material removal rate
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Table 7. Response Table for Signal to Noise Ratios

Cutting Nose
Level Speed DOC Feed radius
1 19.38 17.16 19.72 21.93
2 24.49 26.70 24.15 21.93
Delta 5.11 954 444 0.00
Rank 2 1 3 4

Table 8. Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Cutting Spee 1 158.43¢ 158.43¢ 5.9¢ 0.09z
DOC 1 483.605 483.605 18.20 0.024
Fee( 1 120.90: 120.90: 4.5t 0.12:
Nose radius 1 2475 2475 0.09 0.780
Error 3 79.73. 26.57:
Total 7 845.151
Model Summary
S R-sc R-sg(adj R-sq(pred
5.1553: 90.57%  77.99¥% 32.91%

MRR =

Regression Equation

-32.8 10.100( Cuttinc Speed - 31.1(DOC + 77.€ Feed - 2.7¢ Nose radius- Eq.2

2.3 Particle Swam Optimization

The PSO is a population based heuristic searchritiigo
which simulates the movements of a flock of birdgind

food. It was first developed in 1995 by Kennedy and

Eberhart [8]. Basically, the algorithm performs imdk of
local and global search combined with random searhfs
algorithm was originally proposed for balancing gis in
neural networks, then soon later became one ofbtdst

optimization algorithms. The popularity of PSO stefrom
its simplicity in performing search and especiadipbal
search since it does not need many operators &ating
new solution as in evolutionary algorithms, so
implementation is straightforward [9]. But on the¢her
hand, this algorithm suffers from two main probleri}
slow convergence in refined search stage, and 2kWeal
search ability [10]. key concepts of PSO are giwvemable
9.

Table 9. Key concepts of P&l@orithm

Concept Meaning

Swarm (X) It is the population of the algorithm which com&number of Particles.

Particle( x) Represents the potential solution as vectdW afecision variables in the
swarm.

pbest It is the best position of a Particle that has baeheved so fa

gbest It is the global position of the best particlelie swarm.

leader Represent the Particle that is used to guide q@heicles.

Velocity vector (V) It derives the optimization and determines thedfiom to the next move

Inertia weight (W) It is used to control the impact of previous velies on the current Particle
velocity.

Learning factor (C1 and Represent the attraction of a particle to its owersss or that of its neighbors

C2

Neighborhood topology It specifies the structure of the swarm and howRhHicles are connecte
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The algorithm starts with population initializatioof
random solutions and velocities, and then seardbes
optima by updating the generations. Particles tlign
through the problem space by following the current
optimum Particles [39]. The position of a Partide
changed according to its own flying experience al &s
the flying experience of neighbours. Tpleestand gbestare
updated accordingly.

2.4 Optimization of Surface roughness (Ra): Regoass
equation for surface roughness is given in eq.3.

21=0.707-0.00290*x(1)+0.620*x(2)+8.9*x(3)-1.446x(4)-
Eq.3

where x(1), x(2), x(3) , x(4) are cutting speed, ©®0eed
and nose radius respectively. Z1 is minimised Wdther
bound and upper bound values as [111 0.25 0.15ahd]
[200 0.75 0.25 0.8] respectively. From the convaoge
graph in Figure 3 , z1 converges to minimum afteren
iterations and G.Best obtained is 0.4602 and areif?.B
values are obtained at [ 200 0.25 0.15 0.8]
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Fig.3 Convergence of PSO Algorithm for Ra

2.5 Optimization of MRR: Regression equation for Material
removal rate is given in eq.4

72=-32.8+0.1*x(1)+31.1*x(2)+77.8*x(3)+2.78*x(4) -

where x(1), x(2), x(3) , x(4) are cutting speed, @0Jeed
and nose radius respectively. Z1 is minimised Wdtver
bound and upper bound values as [111 0.25 0.15&ahd]
[200 0.75 0.25 0.8] respectively. As the algoritlsmvritten

for minimization and the objective function has be
maximized, the regression equation for minimizatioh
MRR is rewritten by changing the signs as given i
Equation 5.

22=32.8 - 0.1*x(1) - 31.1*x(2) -77.8*x(3) -2.78*X(4 Eq.5

From the convergence graph in figure 4, z2 conwerge

minimum after nine iterations and G.Best obtaired4.199
and andP. Best values are obtained at [ 200 02518]

25



International Journal of Research in Advent Technology, Special Issue, March 2019

E-ISSN: 2321-9637

3 National Conference on Recent Trends & Innovations In Mechanical Engineering
15" & 16™ March 2019
Available online at www.ijrat.org

Weight

-32 ¢ . . . . . . . . . ]
o 10 20 30 40 50 60 70 80 90 100
Iteration#

Fig. 4. Convergence of PSO Algorithm for MRR

2.6 Multi-objective optimization of Surface roughness and Z=0.5%(z1)/0.4602 — 0.5*(z2)/32.199 — Eq.6
Material removal rate:

From the convergence graph shown in figure 5, vees

Here equal weightage is given to surface roughmess to minimum after nine iterations and G.Best obtdinge
material removal rate based on the customer regeines 0.6377 and P.Best values are obtained at [200 0.25
and hence w1=w2=0.5. The combined equation for 0.8]. Comparison of different approaches discusaesl
optimization of both Ra (z1) and MRR(z2) is givem i presented in table 9.

Equation 6.
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Fig.5. Convergence of PSO Algorithm for Ra and MRR
Table 9.Comparison of different approaches
SNo | Approach | Response Suggested levels Predicted Values | Experiment
values
1 Taguch Ra A2-B1-C1-D2 (Exp.| 0.46012! 1.713m
No.6)
2 Taguch MRR A2-B2-C2-D2 (Exp.| 32.218¢ 37.5cn®/min
No. 8)
3 PSO Ra A2-B1-C1-D2 (Exg.0.4602um 1.713%m
No.6)
4 PSO MRR A2-B2-C2-D2 (Exp| 32.199 cm/min 37.5 cm/min
No.8)
5 PSO Ra & MRR| A2-B1-C1-D2 (Exp.0.4602 pm and| 1.713um and 12.5
No.6) 5.759 cr /min cn? /min

3. CONCLUSIONS
For minimum surface roughness Ra, optimum levedsA@-
B1-C1-D2, and value obtained experimentally is 3jift.
For maximum material removal rate MRR, optimum lsve
are A2-B2-C2-D2, and experimental MRR obtained 453
cm®min. Multi-objective optimization of AISI 202 stee
using Particle swarm optimization suggests A2-B1B21
experiment and predicted values of Ra is 0.462 and
MRR is 5.759 cr/min. But actual values obtained at these
setting are 1.713m and 12.5 cfh/min respectively.lt is

observed the PSO is not effective for less complexi
problems discussed here.
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